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Abstract 
Zooplankton are the linchpin of the marine ecosystem, serving as the main energy pathway 
from primary producers to higher trophic level organisms, such as fish. Despite their critical 
role, zooplankton are typically oversimplified or ignored altogether in current marine 
ecosystem models, and we have limited understanding of how variation in the zooplankton 
affects energy transfer from phytoplankton to fish. An alternative to resolving the enormous 
taxonomic diversity of the zooplankton is to focus on functional traits, such as body size, 
feeding strategy and body composition, since these are the factors that determine an 
organism’s fitness in any given environment, and their role in the marine food web. Body 
size is the master trait, however zooplankton exhibit vast diversity in other important 
functional traits, such as predator-prey mass ratio (PPMR) and body composition. Energy 
transfer through the marine food web depends on these traits, so to better understand the 
role of zooplankton in marine ecosystems any realistic representation of the zooplankton 
must incorporate this diversity. In this thesis, I use recent developments in size spectrum 
modelling, coupled with the extensive literature on zooplankton physiology and size-based 
feeding characteristics, to explore the structure of the zooplankton community across the 
global ocean, and their role in mediating energy from phytoplankton to fish. 
 
We begin by reviewing the development of size spectrum modelling, particularly focusing on 
the last 10 years and the recent innovations in size spectrum modelling. In particular, we 
review the development of functional size spectrum modelling, which allows size spectrum 
models to resolve multiple groups by their functional traits, and how this has been used for 
various higher trophic level groups, especially fish. The focus on fish means that the unique 
dynamics of the plankton have been overlooked in these models. We use the functional size 
spectrum framework to demonstrate how changes in the size-based feeding behaviour of 
the zooplankton community affects the productivity of higher trophic levels, and their 
resilience to fishing pressure: the higher the PPMR of the zooplankton community, the more 
productive and resilient the fish community. However, higher zooplankton PPMR also 
increases the temporal variability of the zooplankton and fish communities.  
 
The most common modelling assumption with respect to the zooplankton community is that 
its composition does not change across environmental gradients. However, there is strong 
evidence that the composition of the zooplankton community is not static, but varies across 
the global ocean, and this will have implications for how energy moves from phytoplankton 
to fish. We explore the role of functional traits in structuring the zooplankton community 
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across the global ocean. We develop a functional size spectrum model of the marine 
ecosystem, which resolves the body size ranges, size-based feeding characteristics and 
carbon content of nine of the most abundant zooplankton groups (heterotrophic flagellates 
and ciliates, larvaceans, omnivorous and carnivorous copepods, chaetognaths, 
euphausiids, salps and jellyfish). Zooplankton community composition emerges from the 
model across global environmental gradients, based on the functional traits of the nine 
groups. Across the global ocean, the emergent distributions of the zooplankton community 
broadly agreed with empirical observation and theory. Heterotrophic flagellates and ciliates, 
salps, larvaceans, carnivorous copepods and chaetognaths were a larger component of 
zooplankton biomass in oligotrophic waters, omnivorous copepods were prevalent 
everywhere, and euphausiids and jellyfish dominated the zooplankton in eutrophic waters.  
 
Traditionally, eutrophic systems are hypothesised to be more efficient at transferring energy 
from phytoplankton to fish, compared to oligotrophic systems. We use the zooplankton-
resolved functional size spectrum model to test this hypothesis, and assess the role of 
zooplankton composition in mediating transfer efficiency from phytoplankton to fish. 
Changes in the composition of the zooplankton lead to eutrophic waters supporting three 
times more fish biomass per unit phytoplankton, compared to oligotrophic waters. However, 
we also found that salps and larvaceans – despite their low carbon content – were critical in 
oligotrophic waters, providing a direct energy pathway from the small pico-phytoplankton 
which dominates in oligotrophic regions, to planktivorous fish. Without salps and larvaceans, 
total fish biomass was up to 50% lower in oligotrophic waters, and 17% lower across the 
global ocean. 
 
The work presented here demonstrates the power of the functional traits to explain global 
patterns in the zooplankton community. The zooplankton-resolved size spectrum model 
developed here is a step forward in trait-based modelling, and our understanding of the role 
of zooplankton in the marine ecosystem. 
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1.1 Understanding ecosystem dynamics with mathematical models 
Human are placing large and growing demands on marine ecosystems. Annual per capita 
supply from wild fisheries and aquaculture has more than tripled in the past 50 years to over 
150 million tonnes per year, and will continue to increase with an additional 2 billion people 
by mid-century (UN DESA, 2015; FAO, 2016). At the same time, atmospheric carbon dioxide 
levels have increased by 40% since the Industrial Revolution, with significant further 
increases almost certain over the next 100 years (IPCC, 2014). These pressures manifest 
at different levels of biological organisation in the marine ecosystem, from individuals to 
ecosystems, and will have serious consequences for ecosystem services and human 
society (Cheung et al., 2009; Brierly et al., 2009; Hoegh-Guldberg and Bruno, 2010; Doney 
et al., 2012; Barange et al., 2014).  
Improving our understanding of the functioning of marine ecosystems is necessary to better 
predict and manage how they will respond to human and environmental impacts. To that 
end, mathematical models of marine ecosystems have been constructed to assess how 
ecosystems respond to external pressures and to help support ecosystem-based 
management (Plagányi, 2007). Typically, models of lower trophic levels (e.g., 
phytoplankton) and higher trophic levels (e.g., fish) have been developed separately, 
however there is a growing recognition of the importance of representing the whole 
ecosystem in one framework (Rose et al., 2009; Travers et al., 2009; Fulton, 2010; 
Blanchard et al., 2017). Combining the dynamics of the plankton and higher trophic levels 
in one modelling framework makes it possible to assess the bottom up effects of the 
environment on lower trophic levels, together with the top down impacts of fishing (Travers 
et al., 2007; Brown et al., 2010). Moreover, the productivity of higher trophic level organisms 
such as fish ultimately depends on phytoplankton production at the base of the marine food 
web (Ryther, 1969; Pauly and Christensen, 1995; Chassot et al., 2010; Stock et al., 2017). 
1.2 The role of zooplankton in the marine ecosystem 
The relationship between phytoplankton and higher trophic levels is not straightforward, as 
zooplankton are the main energy pathway from phytoplankton to fish (Carlotti and Poggiale, 
2010; Mitra and Davis, 2010; Everett et al., 2017). Zooplankton are any animals that float in 
the water and cannot progress against currents. All marine phyla are represented in the 
zooplankton, either permanently as holoplankton (e.g., copepods) or temporarily as 
meroplankton (e.g., fish larvae). Zooplankton exhibit an enormous diversity of traits, for 
example the body size range of zooplankton covers 15 orders of magnitude from 
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heterotrophic flagellates (10 pg; Hansen et al., 1997) to jellyfish (> 1 kg; Acuña et al., 2011; 
Levinton, 2013). They have a variety of life-histories and reproductive strategies, from 
unicellular flagellates and ciliates that reproduce by cell division, to groups that produce 
fertilised eggs sexually, such as copepods, or asexually, such as tunicates, jellyfish and 
chaetognaths (Litchman et al., 2013; Neuheimer et al., 2015).  Zooplankton are also critical 
in the transfer of energy between pelagic and benthic systems (Lassalle et al., 2013), and 
for carbon export from surface waters to the deep ocean (Steinberg and Landry, 2017). 
Energy transfer through food webs is dependent upon the relative size of predator and prey 
(Silvert and Platt, 1978; Jennings and Mackinson 2003; Law et al., 2009), known as the 
predator-prey mass ratio (PPMR). Everything else being equal, the larger the average 
PPMR in a marine food chain, the more efficiently energy is shunted from lower to higher 
trophic levels, because there are fewer trophic steps separating small and large organisms 
(Brown et al., 2004). Zooplankton vary hugely in their PPMR, a consequence of their 
enormous phylogenetic diversity and thus vastly different feeding modes. Zooplankton 
feeding behaviour varies from active ambushing and filtration to passive suspension feeding, 
with each method varying in efficiency over different environmental conditions (Kiorbøe, 
2011). For example, salps and larvaceans capture small particles in a net or mucus filter by 
pumping water through their bodies, and chaetognaths and copepods are able to sense prey 
remotely, before rapidly lunging at them. In contrast to these active capture methods, some 
jellyfish are largely non-motile, relying on their inflated body sizes to come into contact with 
motile prey. Wirtz (2012) shows that, owing to their range of feeding behaviour, PPMRs of 
zooplankton vary by 7 orders of magnitude – from actively ambushing carnivorous copepods 
(PPMR ~ 10) to passive filter feeders such as salps (PPMR ~ 100 million). By comparison, 
fish are primarily visual predators with a much narrower range of feeding behaviour. As a 
result their PPMRs span only 1 order of magnitude, from 100 to 1000 (Andersen and Ursin, 
1977; Kerr and Dickie, 2001; Barnes et al., 2010). The type of zooplankton present – with 
vastly different PPMRs – is likely to be critical for understanding energy transfer through 
food webs. 
The most common assumption with respect to zooplankton in marine ecosystem modelling 
is that the zooplankton community does not change across space or time (Everett et al., 
2017). However, the composition of the zooplankton is not constant, with different groups 
dominating from oligotrophic (low primary productivity) to eutrophic (high primary 
productivity) regions (Barton et al., 2013). Variation in the zooplankton affects how efficiently 
energy moves through the marine food web, with implications for ecosystem resilience and 
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productivity (Friedland et al., 2012; Jennings and Collingridge, 2015; Heneghan et al., 2016; 
Dam and Baumman, 2017).   
Changes in the size structure of the phytoplankton drive changes in the zooplankton, which 
in turn affects how energy moves from phytoplankton to fish (Sommer and Stibor, 2002; 
Stibor et al., 2004). This is because different PPMRs mean that zooplankton do not all feed 
from the same prey size range. Therefore, depending on the size structure of the 
phytoplankton, certain zooplankton groups will have more prey than others in different 
regions. Traditionally, food chains in eutrophic systems are hypothesised to be more efficient 
than oligotrophic food chains (Ryther, 1969; Lalli and Parsons, 1995; Boyce et al., 2015). 
This is because in oligotrophic waters, phytoplankton have a smaller median size and are 
dominated by picoplankton < 2 µm (Agawin et al., 2000; Brewin et al., 2010; Barnes et al., 
2011). In contrast, phytoplankton communities in eutrophic waters have a larger median size 
and are dominated by larger nano (2 µm – 20 µm) and microplankton (>20 µm).  Most of the 
phytoplankton in oligotrophic systems is too small to be directly accessed by large 
herbivores like copepods and euphausiids, which are prey for planktivorous fish (Stibor et 
al., 2004). Instead, in oligotrophic systems these large crustaceans feed on flagellates and 
ciliates (protists) which feed on the picoplankton and fall within these groups’ prey size 
ranges. This adds an additional trophic step to the food chain, leading to less available 
energy for fish. In contrast, in eutrophic systems large crustaceans can directly access the 
larger phytoplankton for food, cutting out the extra protist step.  
Carbon is a major structural component of zooplankton (Kiørboe, 2013), and the carbon 
content of different zooplankton groups affects their relative fitness in different environmental 
conditions, and how efficiently energy is mediated from phytoplankton to higher trophic 
levels (Acuña et al., 2011; Kiørboe, 2011; Kiørboe and Hirst, 2014; McConville et al., 2017). 
Zooplankton can mostly be separated into gelatinous low carbon, and non-gelatinous high 
carbon body types, with few intermediate taxa such as chaetognaths. Gelatinous body types 
offer several advantages including: a larger surface area for prey capture (Acuña et al., 2011 
Kiorbøe, 2011), faster growth rates due to the low structural costs of a watery body (Kiorbøe 
and Hirst, 2014; McConville et al., 2017) and increased avoidance of visual predators 
(Kiørboe, 2011). At the same time, groups with a low carbon content are a less nutritious 
food source for predators, compared to more carbon dense zooplankton such as copepods 
and euphausiids. It follows that, everything else being equal, environmental conditions which 
favour more gelatinous zooplankton will lead to a less efficient transfer of energy from 
phytoplankton to fish. 
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In current marine ecosystem models, the dynamics of the zooplankton are typically poorly 
resolved or ignored (Mitra et al., 2014). Many existing global ecosystem models use highly 
idealised representations of zooplankton, typically one or two unstructured boxes that 
transfer biomass from phytoplankton to fish (Everett et al., 2017). The assumption implicit 
in current ecosystem models not resolving the zooplankton is that the dynamics of this group 
do not affect ecosystem function. However, recent studies have shown that the productivity 
and structure of higher trophic levels is highly sensitive to the parameterisation of lower 
trophic levels. For example, Fuchs and Franks (2010) found that zooplankton with high 
PPMRs that ate a narrow size range of prey gave rise to a flatter plankton abundance size 
spectrum (relatively more large organisms), in comparison to zooplankton with small PPMRs 
and a larger prey size range, which led to a steeper plankton size spectrum. Moving beyond 
the plankton, Jennings and Collingridge (2015) demonstrated that the productivity and total 
biomass of the global fish community was highly sensitive to how energy moved through the 
lower planktonic trophic levels – from phytoplankton to zooplankton. Moreover, Irigoien et 
al., (2014) suggested global fish biomass could be an order of magnitude higher than 
previously thought and that this could be due to a poor understanding of transfer efficiency 
through the zooplankton. It follows that current model formulations that do not resolve the 
zooplankton are neglecting a critical component of the ecosystem.  
In this thesis, we use recent developments in size spectrum modelling, with the extensive 
literature exploring zooplankton functional traits, to better resolve zooplankton dynamics in 
the global ocean. We focus on resolving the size-based feeding traits and carbon content of 
the zooplankton in a functional size spectrum ecosystem model, and assessing the role of 
zooplankton in mediating energy from phytoplankton to fish across the global ocean. We 
explore the idea that functional traits such as body size, feeding behaviour and carbon 
content could structure their communities across global environmental productivity 
gradients, and how this regulates the movement of energy from phytoplankton to fish from 
oligotrophic to eutrophic waters.  
1.3 Using functional size spectra to model marine ecosystems 
As marine ecosystems are strongly size-structured, with the general pattern from bacteria 
to whales being that big things eat small, body size has been described as the “master trait” 
(Andersen et al., 2016a). Body size also sets the pace of life for individual organisms, 
dictating physiological processes such as metabolism, movement, ingestion and respiration 
(Peters, 1983; West et al., 1997; Gillooly et al., 2002; Brown et al., 2004; Kiørboe, 2011). 
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Over the past decade, size-based ecosystem models have been developed that focus on 
how individual body size, rather than species identity, govern feeding interactions and 
biological rates and give rise to the emergent distributions of biomass, abundance and 
productivity in the marine ecosystem (Follows et al., 2007; Ward et al., 2012; Jennings and 
Collingridge, 2015; Andersen et al., 2016b).    
The field of size-based ecosystem modelling is rooted in over 50 years of empirical 
observations of the scaling of numerical density with body size, beginning with Sheldon 
(Sheldon et al., 1972). The numerical density (abundance per m3) of individual organisms 
of size ;, <(;), scales with body mass according to a power law relationship <(;) 	= ?;@. 
When expressed on a log-log scale, this power-law relationship is known as the size 
spectrum, where ? is the intercept, and A is the slope. Sheldon observed that the relationship 
between body size and numerical density of plankton had a consistent slope of -1, meaning 
that the biomass density (g per m3) of plankton was equal across logarithmic body mass 
intervals. Sheldon and his colleagues hypothesised that this remarkable consistency would 
hold from “bacteria to whales”. Since then, this relationship between numerical density and 
body size has been shown to hold across marine ecosystems, with slopes of around -1 
reported in the open ocean (Rodriguez et al., 2001; San Martin et al., 2006; Moreno-Ostos 
et al., 2015), benthic (Hua et al., 2013; Kelly-Gerreyn et al., 2014), coastal (Macpherson et 
al., 2002; Zhou et al., 2009) and freshwater (Heath, 1995; Boukal, 2014) ecosystems, and 
has led to the development of size spectrum models to explore the mechanisms that give 
rise to this consistency. 
The field of size spectrum modelling has grown quickly over the past five decades, with a 
diverse range of models emerging that focus on how the size-based processes of predation, 
growth and mortality of individual organisms give rise to community size spectra in the 
marine environment. These models span body sizes from phytoplankton (Baird and Suthers, 
2007; Banas et al., 2011) to large fish and whales (Dueri et al., 2014; Harfoot et al., 2014), 
and have been used to assess ecosystem impacts of fishing (Law et al., 2012; Blanchard et 
al., 2014; Andersen et al., 2015), climate change (Blanchard et al., 2012; Barange et al., 
2014; Lefort et al., 2015), biodiversity (Purves et al., 2013; Reuman et al., 2014; Fung et al., 
2015) and habitat loss (Rogers et al., 2014).   
A limitation of a strict size spectrum approach is that often different species or functional 
groups of the same size have different traits. For example, planktivorous fish and piscivorous 
fish could be the same size but eat very different food of very different size. However, recent 
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theoretical developments in size spectrum modelling allow models to resolve unique size-
based processes for various functional groups, which is critical to representing the vast 
diversity of size-scaling across different components of the marine ecosystem (Andersen et 
al., 2016a). This approach thus retains the generality and strength of a size-based 
framework but allows the inclusion of functional groups where they could be ecologically or 
economically important.  
In Chapter 2 of this thesis, we review progress and trends in size spectrum modelling, 
particularly focusing on the past 10 years, 50 years after the pioneering work of Sheldon 
and Parsons, (1967). We explore how Sheldon’s vision of modelling the marine ecosystem 
from bacteria to whales has been developed and built upon, and what more needs to be 
done to realise his idea of representing the whole ecosystem using the size spectrum 
framework. Size-based ecosystem models face the same challenge as other modelling 
frameworks, of integrating lower and higher trophic level processes. Despite the versatility 
of the size spectrum framework for modelling different functional groups, representing the 
zooplankton (and other taxa beyond fish) remains an open problem. We propose the 
development of “functional size spectrum” models to address this imbalance. Functional size 
spectrum models unify functional traits with traditional size spectrum models, allowing 
different components of the marine ecosystem to be resolved within the same modelling 
framework. 
1.4 Zooplankton are not fish 
The focus of size spectrum models has been on higher trophic levels, primarily resolving 
different functional groups and species of fish by their functional traits (Andersen et al., 
2016b; Guiet et al., 2016a). These models have focused on assessing impacts of fishing 
(Benoît  and Rochet, 2004; Andersen and Pedersen, 2010; Blanchard et al., 2014; Jacobsen 
et al., 2014; Law et al., 2016) and climate change (Blanchard et al., 2012; Woodworth-
Jefcoats et al., 2013; Dueri et al., 2014). The focus on fish means that the dynamics of the 
plankton have been neglected in model formulations, and realistic coupling of lower and 
higher trophic level processes has been identified as a key source of uncertainty in these 
fish-focused models (Jennings and Collingridge, 2015). In current size spectrum models, 
the minimum size of the dynamic consumer spectrum extends into the mesozooplankton, 
and smaller zooplankton and phytoplankton are typically represented in three ways. First, 
as a static resource spectrum for small fish (Maury et al., 2007; Blanchard et al., 2009, 211, 
2012; Law et al., 2009; Guiet et al., 2016b). Second, as externally forced input variables 
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from satellite estimates or other lower trophic level models, with no predation feedback from 
larger size classes (Woodworth-Jefcoats et al., 2013; Lefort et al., 2015; Le Mézo et al., 
2016). Third, as a semi-chemostat system with a fixed carrying capacity, and predation 
feedback from higher trophic levels (Hartvig et al., 2011; Blanchard et al., 2014; Scott et al., 
2014; Zhang et al., 2015, 2016). These current representations essentially lump 
phytoplankton and zooplankton together as a resource for small fish, and represent larger 
mesozooplankton as small fish.  
In size spectrum models, size-based feeding behaviour is broadly defined by five key 
parameters (Woodward et al, 2005; Andersen et al., 2016b): 1) predator-prey mass ratio 
(PPMR), 2) the coefficient and 3) exponent for how the prey search rate of an individual 
scales with body size, 4) the breadth of prey sizes around the preferred PPMR and 5) the 
proportion of ingested prey that is converted to new predator biomass – the average growth 
efficiency. Modelling and empirical studies have demonstrated that varying these 
parameters for fish have a large effect on food web dynamics (Law et al., 2009; Datta et al., 
2011; Plank and Law, 2011; Zhang et al., 2013). The sensitivity of size spectra to how fish 
feeding behaviour are represented suggests that the first step toward resolving zooplankton 
in functional size spectrum models is to include an accurate representation of their unique 
feeding characteristics.  
In Chapter 3 of this thesis, we explore how the unique size-dependent feeding 
characteristics of different zooplankton functional groups affects the productivity, stability 
and resilience of fish to changes in primary production and fishing pressure. To do this, we 
build a functional size spectrum model which resolves the unique feeding traits of several 
different zooplankton groups, and a base model that represents the zooplankton as small 
fish. We explore how varying 1) how search rate scales with body size, 2) PPMR, 3) the 
breadth of prey size ranges around the PPMR and 4) average growth efficiency in the 
zooplankton influences total fish biomass and productivity, the stability of the marine 
ecosystem, and how efficiently energy moves from phytoplankton to fish. We then consider 
how the PPMR and breadth of prey size ranges of 5 zooplankton functional groups (salps, 
herbivorous copepods, chaetognaths, flagellates and carnivorous copepods) affects the 
biomass of the fish community, and how resilient the fish are to fishing pressure. Our results 
from Chapter 3 demonstrate that zooplankton cannot be lumped with phytoplankton as a 
resource, or represented as small fish. The unique feeding characteristics of the zooplankton 
have significant implications for the productivity and resilience of higher trophic levels and 
the stability of the entire marine ecosystem. 
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1.5 Functional traits give rise to zooplankton community composition 
In Chapter 4, we explore the role of zooplankton functional traits in structuring the 
zooplankton community across the global ocean. We extend the functional size spectrum 
model concepts developed in Chapters 2 and 3 to model nine major zooplankton functional 
groups (heterotrophic flagellates and ciliates, larvaceans, omnivorous and carnivorous 
copepods, chaetognaths, euphausiids, salps and jellyfish) with each group defined by its 
body size range, carbon content and size-based feeding characteristics.  
The model breaks the marine ecosystem into three communities: phytoplankton, 
zooplankton and fish, with the zooplankton community emerging across environmental 
gradients based on changes in the size structure of the phytoplankton, and the size based 
feeding characteristics of the nine functional groups. There has been no global analysis of 
how zooplankton communities change along environmental gradients, so in order to test 
how well the emergent distributions of the zooplankton functional groups agreed with 
empirical distributions, we constructed maps of the abundance distributions of the 7 largest 
zooplankton groups in the model (everything except heterotrophic flagellates and ciliates). 
To do this, we used the extensive sample data from the COPEPOD (O’Brien, 2005; 
https://www.st.nmfs.noaa.gov/copepod/) and IMOS (http://imos.org.au/) databases to 
construct generalised additive models that map the relationship between sampled 
abundances and environmental variables. The emergent patterns of abundance from the 
model broadly agreed with empirical distributions, and we identified clear shifts in the 
composition of the emergent zooplankton community across the global ocean. The model 
we develop in Chapter 4 demonstrates the powerful role body size, size-based feeding 
behaviour and carbon content have in structuring the zooplankton community across the 
global environmental gradients. 
1.6 Zooplankton composition across the global ocean mediates transfer 
efficiency from phytoplankton to fish 
Zooplankton community composition is not static, but varies across environmental gradients. 
In Chapter 5, we use the zooplankton-resolved functional size spectrum model developed 
in Chapter 4 to explore how changes in the zooplankton affects how energy moves from 
phytoplankton to fish, across oligotrophic and eutrophic waters. To do this, we evaluated the 
change in diets and trophic levels of the nine zooplankton functional groups, and 
planktivorous fish, and how this leads to a change in the ratio of fish to phytoplankton 
biomass from oligotrophic to eutrophic waters.  
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Phytoplankton in oligotrophic waters is dominated by picoplankton, which cannot be directly 
consumed by omnivorous copepods and euphausiids, which are prey for planktivorous fish. 
However, salps and larvaceans have very large PPMRs (~108), and they cover the same 
body size range as omnivorous copepods and euphausiids, which is why they have been 
hypothesised to be an important energy pathway from pico-phytoplankton to planktivorous 
fish in oligotrophic waters (Dieble and Lee, 1992; Bone, 1997; Jaspers et al., 2009). In 
Chapter 5, we use the zooplankton-resolved functional size spectrum model to evaluate the 
hypothesised role of salps and larvaceans in oligotrophic waters. 
Finally, we conclude in Chapter 6 with a synthesis of the key findings of the thesis, the 
limitations of the functional size spectrum model we have constructed, and highlight 
promising directions for future research.  
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Chapter 2  
From Bacteria to Whales: Using Functional 
Size Spectra to Model Marine Ecosystems 
 
 
 
 
 
 
 
Submitted manuscript/s included in this chapter: 
Blanchard, J. L., Heneghan, R. F., Everett, J. D., Trebilco, R., and Richardson, A. J. 
(2017). From Bacteria to Whales: Using Functional Size Spectra to Model Marine 
Ecosystems. Trends in Ecology and Evolution 32, 174–186.  
RFH undertook the literature review, and wrote the first draft of the manuscript and figures. 
Before submission for publication, a review similar to RFH’s was published, by an 
independent research group. RFH requested that JLB – who has expertise in size spectrum 
modelling – take the role of lead author, to broaden the message and change the structure 
of the review, before attempting publication again. JLB agreed, and recrafted the review by 
taking the lead in writing subsequent drafts and figures, with input from RFH and AJR, JEE, 
RT.  
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2.1 Abstract 
Size-based ecosystem modelling is emerging as a powerful way to assess ecosystem-level 
impacts of human - and environment-driven changes from individual-level processes. These 
models have evolved as mechanistic explanations for observed regular patterns of 
abundance across the marine size spectrum hypothesised to hold from bacteria to whales. 
Fifty years since the first size spectrum measurements, we ask how far have we come? 
Although recent modelling studies capture an impressive range of sizes, complexity, and 
real-world applications, ecosystem coverage is still only partial. We describe how this can 
be overcome by unifying functional traits with size spectra (which we call functional size 
spectra) and highlight the key knowledge gaps that need to be filled to model ecosystems 
from bacteria to whales.  
2.2 Size matters for individuals to ecosystems 
Ecosystems are under pressure from human activities and environmental change. These 
changes in marine systems manifest at different levels of biological organisation, from 
individuals to ecosystems, with consequences for a range of services to society. Models are 
needed to understand and predict how ecosystems are changing in response to these 
pressures and to help ecosystem-based management promote recovery and prevent further 
degradation.  
Body size has been described as the ‘master trait’, setting the pace of life by dictating 
processes such as metabolism, respiration, development, movement, and constraining the 
role of an individual in its food web (Elton, 1927; Kleiber, 1932; Andersen et al., 2016a). 
Species-based food web models traditionally represent species as nodes either irrespective 
of their body size or using an average population-level body size to determine food web 
interactions (Brose et al., 2016). However, over the past decade there has been rapid 
development of size-based ecosystem models that focus on how individual size governs 
feeding interactions and biological rates, originally ignoring species identity. This powerful 
approach gives rise to emergent distributions of biomass, abundance, and production of 
organisms and is now being applied in a wide range of environments, most notably in the 
global ocean (Ward et al., 2012; Watson et al., 2014; Jennings and Collingridge, 2015; Lefort 
et al., 2015). Although primarily developed for aquatic communities and ecosystems, this 
perspective has also influenced recent developments to model all life on Earth (Purves, 
2013; Harfoot et al., 2014).  
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The field of size-based ecosystem modelling is rooted in 50 years of the empirical size 
spectrum. The size spectrum is the size distribution of all individuals in a community or 
ecosystem according to numerical abundance or biomass. It stems from observations of 
equal biomass of plankton in logarithmic body mass bins (which equates to declining 
abundance of individuals with body size), famously hypothesised by Sheldon and colleagues 
to hold ‘from bacteria to whales’ (Sheldon et al., 1972). The general approach traces even 
further back, to Elton’s ‘pyramids of numbers’ in the 1920s (Elton, 1927; Trebilco et al., 
2013). Since Sheldon’s hypothesis, observed size spectra have shown a remarkable 
regularity in shape and slope across a range of ecosystems (Sprules and Barth, 2015) and 
communities, including those from the open ocean (Rodríguez et al., 2001; San Martin et 
al., 2006), sea bottom (Hua et al., 2013; Kelly-Gerreyn et al., 2014), coasts (Macpherson et 
al., 2002), freshwater (Sprules et al., 1991), and even land (Reumann et al., 2008; Mulder, 
2010). Sheldon’s call for a solid theoretical foundation to explain this regularity prompted the 
development of mathematical models and size spectrum theory (Sprules et al., 2015; 
Andersen et al., 2016b).  
Fifty years on from Sheldon’s first empirical spectra, and 90 years since Elton set the stage 
for size spectra with the introduction of ecological pyramids, we revisit Sheldon’s vision and 
ask how far have we come? Can we now robustly model the size spectrum from bacteria to 
whales? We begin by explaining the different types of size-based models, how they scale 
individual processes to predict ecosystem properties, and how they are being applied across 
the size spectrum to answer real-world problems. We find that the vision to span sizes of 
bacteria to whales has largely been realised, but that total ecosystem coverage is not yet 
complete. To model the entire ecosystem under human exploitation and environmental 
change, we argue that we must unify size spectra with other functional traits to advance 
size-based ecosystem models. We discuss four future research priorities to help achieve 
this.  
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2.3 How to model the community size spectrum? 
Over the past five decades, a diverse range of models has emerged that focuses on how 
individual-level size-based processes give rise to community size spectra, primarily in the 
marine environment (Figure 2.1). Here, we provide a road map for these different 
approaches, with a focus on models developed over the past decade.  
 Static models 
The simplest models to predict the size spectrum are based on assumptions about the mean 
ratio of predator to prey sizes and the metabolic scaling of consumption and/or turnover 
rates with body size. The first of these focused on broad predator and prey groupings or 
trophic levels and assumed an average size for each group to infer a community predator: 
prey mass ratio (PPMR) (Sheldon et al., 1977; Kerr, 1974). More recently, stable isotope 
analysis has been used to derive trophic level–body size relationships across individuals 
within size classes to improve estimates of mean PPMRs and predict the scaling of 
abundance and biomass with body mass (Jennings and Mackinson, 2003; Trebilco et al., 
2013). These models, typically predict biomass size spectrum slopes of 0 or steeper (and 1 
or steeper for the abundance spectrum). Using primary production as inputs, these simple 
macroecological models can be used to estimate marine consumer biomass and productivity 
in the global ocean in the absence of fishing (Jennings et al., 2008; Jennings and 
Collingridge, 2015). They have also been used to assess the contribution of fish to the 
marine inorganic carbon cycle (Jennings and Wilson, 2009; Wilson et al., 2009). Because 
they do not have explicit mortality terms, assessing the impacts of fishing involves snapshot 
comparisons between predicted unexploited and observed exploited size spectra (Jennings 
and Blanchard, 2004).  
15 
 
 
Figure 2.1 How to Model the Size spectrum? Taxonomy of the different types of approaches 
that have been used to model the community size spectrum. An expanded reference list for 
each model type can be found at https://doi.org/10.1016/j.tree.2016.12.003. Abbreviations: 
IBM, individual- based model; SSM, size spectrum model.  
 Individual-based models 
In reality, the size spectrum is an emergent property of many individual-level processes: 
feeding, growing, dying, reproducing, and moving in space and time. These processes are 
stochastic and can be represented through the use of individual-based models (IBMs), which 
describe a set of rules and events that affect individuals. IBMs focusing on the processes of 
size-based predation driving growth and death have been used to model the community size 
spectrum and produce emergent size spectra that are broadly consistent with the Sheldon 
expectation of an abundance size spectrum slope of 1 when taken as an average across 
many stochastic realisations (Shin and Cury, 2004; Harfoot et al., 2014). More detailed IBMs 
have introduced greater complexity through representation of species-specific or functional 
traits and, to accommodate this, use cohorts or groups of individuals as agents to predict 
emergent size spectra (Shin and Cury, 2004; Harfoot et al., 2014). A powerful use of IBMs 
formulated with stochastic size-based processes has been to derive simpler size spectrum 
models (SSMs) that capture the processes of an average individual based purely on size 
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and to assess how well these capture the mean across many stochastic realisations (Law 
et al., 2009; Datta et al., 2010).  
 SSMs 
SSMs are dynamic deterministic models that explicitly predict changes in the size spectrum 
through time, starting with size-based, individual-level mechanistic processes (see  
Andersen et al., 2016b and Guiet et al., 2016a for reviews). At the core of this modelling 
approach is the McKendrick von Foerster (MF) partial differential equation that is modified 
to represent a distribution of sizes rather than ages. The first dynamic size spectrum models 
represented open-water (pelagic) systems, focusing on how gains through growth and 
losses through respiration or predation propagated along the size spectrum through time 
(Silvert and Platt, 1978; Zhou and Huntley, 1997). SSMs proliferated following a pivotal study 
that resolved the food-dependent growth and mortality component, provided an analytic 
solution to the size spectrum slope, as well as demonstrating how it changed with fishing 
(Benoît and Rochet, 2004). SSMs track the changing abundance of individuals at size 
through time as a function of fluxes due to growth and mortality with a renewal term at 
smallest sizes that represents the birth rate of new offspring. Feeding rates are a 
consequence of size-dependent prey availability, encounter rates, and ontogenetic changes 
in the preferred prey size and range (Box 2.1). Prey size selection is specified from the 
distribution of the preferred PPMR. SSMs have been extended to include more detailed 
processes such as energy allocation to reproduction, spatial processes, and seasonality 
(Maury et al., 2007; Maury 2010; Castle et al., 2011; Datta and Blanchard, 2016). In the 
absence of any fishing, SSMs produce abundance size spectrum slopes close to 1, 
conforming to Sheldon ’s conjecture of near equal biomass across logarithmically binned 
body mass classes. In contrast to the static scaling models, predicted size spectra from 
SSMs on a log–log plot can exhibit nonlinear patterns such as truncation at the largest body 
masses and time- varying oscillations that propagate through the size spectrum (travelling 
waves; Law et al., 2009; Plank and Law, 2012).  
 Discrete size class models 
SSMs focus on size-dependent predation as the key process linking growth, death, and 
reproduction. However, processes other than predation, such as nutrient uptake and intake 
rates of filter feeders can be modelled as size dependent processes. For instance, nutrient 
uptake scales with cell size for phytoplankton (Moloney and Field, 1989), and this has been 
used to model nutrient and light fixation and thus photosynthesis by unicellular 
17 
 
phytoplankton (Irwin et al., 2006). These models usually include discrete size classes where 
changes in abundance through time are from birth and death processes and where 
individuals do not grow in size (similar to a species-based allometric food web model) (Baird 
and Suthers, 2007; Banas, 2011; Ward et al., 2012). For organisms that do grow in size 
(e.g., fish and benthic invertebrates), discrete size class models often use empirical growth 
relationships (Duplisea et al., 2002; Pope et al., 2006 Thorpe et al., 2015), based on the 
assumption that growth is not strongly food dependent; contrary to the assumptions of most 
(but not all, e.g., Zhou and Huntley, 1997; Carozza et al., 2016) SSMs where both growth 
and predation are linked to size-based feeding. 
 Trait-based SSMs: including other functional traits 
Perhaps the biggest leap in the development of SSMs has involved blurring the distinction 
with species-based food web models. Trait-based SSMs resolve species-specific traits 
through asymptotic maximum size and size at maturation, and allow species-specific 
interactions (Hartvig et al., 2011; Maury and Poggiale, 2013; Scott et al., 2014). Even with 
this added layer of complexity, these models predict an overall community size spectrum 
that is consistent with simpler models, but also provide a size spectrum for each species 
(Box 2.1). This advance makes SSMs similar to physiologically structured population models 
but capable of resolving the complexity of food web models through the use of traits (Brose 
et al., 2016; Maury and Poggiale, 2013; Hartvig et al., 2011; De Roos and Persson, 2013). 
Increasing trait diversity in the SSMs has the effect of stabilising complex ecological 
communities (Hartvig and Andersen, 2013; Zhang et al., 2013; Zhang et al., 2014). 
Multispecies extensions of the trait-based model have enabled real-world ecosystem 
applications in combination with extensive species-specific trait data for parameterisation 
(Blanchard et al., 2014; Spence et al., 2015; Zhang et al., 2015; Houle et al., 2016) (Box 
2.1). Although trait-based models have so far focused on fish communities they also include 
a background resource size spectrum, which implicitly represents the plankton community 
as a series of discrete size classes that do not grow in body size (Hartvig et al., 2011) and 
thus are partial representations of ecosystems. 
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Box 2.1 How can ecological data inform SSMs? 
SSMs scale individual-level processes up to ecosystem structure and dynamics. Here, 
we illustrate in three steps how species and size-specific data can be used to develop a 
multispecies or functional size spectrum models (Figure I).  
 
Figure I: Example showing three steps for building a size spectrum model that involve 
linking empirical patterns (Step 1) to individual (Step 2) and population and community 
level predictions (Step 3). 
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Despite the ubiquity of size-based processes in pelagic ecosystems, not all processes and 
communities are size based. SSMs have moved beyond pure pelagic communities and 
towards greater ecosystem coverage by representing different communities and functional 
groups; some of which are not size structured (Blanchard et al., 2009; 2011). The benthic 
community receives much of its energy flow directly from detritus fall (sinking rates are size 
based) from the pelagic ecosystem, but once there, the widely flexible scavengers can feed 
on both pelagic and benthic components. However, intake rates of filter feeders and 
scavengers still scale with body size. The latter can still be modelled with SSMs, but by 
Step 1. First, species-specific and individual-level data that can be used to parameterise 
SSMs include: spatial or habitat co-occurrences of species; groups or size classes 
(example data from Scott et al., 2014 and Blanchard et al., 2014); information on 
offspring, adult and asymptotic sizes (example data from Andersen et al., 2016a); and 
individual-level PPMRs (data from Barnes et al., 2008). Three contrasting species, 
embedded within the community size spectrum, are shown in orange, green, and blue.  
Step 2. Once parameterised, an SSM can be set up using an initial size spectrum at the 
first time step (Scott et al., 2014). At each time step, species- and size-specific rates of 
feeding and energy allocation into maturation are calculated. These are then used to 
predict individual food- dependent, size-specific growth, mortality, and reproductive 
rates. Growth and mortality rates determine the fluxes of abundance in and out of each 
size, and new offspring enter the size spectrum of each species at its smallest size.  
Step 3. Because the growth, mortality, and reproduction depend on the abundance of 
predators and prey in each time step, the predicted changes in abundance at size 
through time are solved numerically by looping through time steps until an equilibrium is 
reached. The numerical density (N) at body mass (w) for each group or species is 
summed across all groups to give the normalised size spectrum. These are outputted at 
each time step along with predicted changes in size-specific growth, reproduction, and 
mortality rates. Changes in the size spectrum slopes can be calculated by fitting, at each 
time step, a straight line through the predicted size spectrum if plotted on a log–log plot 
or alternatively by fitting a power law if estimating exponents. Predicted changes in 
individual level (Step 2) and population and community level (Step 3) properties can then 
be confronted with empirical data for comparison or repeating the above process in 
conjunction with a statistical procedure to formally estimate parameters and their 
uncertainty (Box 2.3).  
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relaxing the prey size selection assumption where individuals of different sizes compete for 
a shared unstructured resource (Blanchard et al., 2009). For example, on coral reefs, large 
herbivorous fishes compete in a size-based manner for non- size based resources such as 
macroalgae (Rogers et al., 2014). Dynamic size spectra of organisms that share energy in 
this way tend to have shallower and more variable size spectra than those that follow ‘big 
eat small’ rules. The use of functional groups can help to resolve size-dependent spatial 
movement and habitat use embedded in SSMs (Maury, 2010; Castle et al., 2011; Watson 
et al., 2014). For example, (Maury, 2010) breaks the pelagic ecosystem into epipelagic, 
mesopelagic, and migratory communities, and includes both vertical and horizontal 
movement of individuals, which affects their vulnerability to predation. Habitat structural 
complexity and size-dependent hiding is an important feature that affects prey vulnerability 
on coral reefs and influences emergent predictions of size spectra that are consistent with 
observations across a gradient of habitat complexity (Rogers et al., 2014).  
2.4 Limitations of SSMs 
Despite the utility of SSMs, they have several limitations, some of which are inherent, and 
others are challenging and slowly being overcome. First, SSMs are not always well suited 
to address questions relating to single-species population dynamics, especially where food 
is unlimited and where predation mortality is less important – two key processes in SSMs. 
Many population dynamic models are applied to well-studied species, where parameter 
values for key processes and life stages are relatively well known, making SSMs 
unnecessary (although see (Andersen and Beyer, 2015) for their utility in data-poor cases). 
Second, when ontogenetic variation in body size is small (e.g., in seabirds - Webb et al., 
2011) simpler unstructured, stage-structured, or allometric models (that use a mean body 
size) are likely to be more appropriate than SSMs (De Roos et al., 2008; Brose et al., 2016). 
Third, SSMs have generally been applied at regional and larger spatial (Woodworth-Jefcoats 
et al., 2013; Blanchard et al., 2014; Jacobsen et al., 2016) scales, and might not be as 
appropriate at finer scales (Guiet et al., 2016a). Many management-related questions need 
to be addressed on a local scale where the community dynamics might be well understood 
in terms of species and habitat interactions (Ling et al., 2014), and the size-dependent 
nature of these interactions are nuances rather than key drivers of the dynamics. Having 
said this, recent work has shown that output from a functional group SSM applied on coral  
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Figure 2.2 Functional Size spectrum: An Illustration Applied to a Conceptual Marine 
Ecosystem from Bacteria to Whales. (a) Stylised size-structured ecosystem model 
emphasising different processes across the size spectrum. Larger circles are used to 
illustrate relative changes in size within functional groups. Black arrows illustrate the 
presence of feeding within and across groups but do not show the full extent of the many 
feeding links present in size spectrum models. Thick colored arrows represent growth in 
size. (b) Hypothetical emergent size spectra for the same types of functional groups shown 
in a) but here represented via life history traits depicted by differences in offspring and adult 
asymptotic sizes (Andersen et al., 2016b). 
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reefs, where species-based food web descriptions were lacking, compared well with data at 
local scales (Rogers et al., 2014). The appropriate spatial scale for applying SSMs is still an 
open question and requires more detailed cross- scale tests of theory to resolve. Last, SSMs 
have focused on taxonomic subsets of the size spectrum (e.g., plankton and fish 
communities; Box 2.2) and therefore have only achieved partial ecosystem coverage so far. 
However, by bringing together different strands of size- based modelling this issue can be 
addressed. The functional size spectrum framework shown in Figure 2.2 builds upon the 
trait-based approach by combining alternative model structures (including non-size based 
ones) and could form the basis of size-based ecosystem models that resolve the dynamics 
of important microbial, plankton and nekton functional groups, all the way up to marine 
mammals and seabirds. We expand on this and other research opportunities below. 
2.5 Beyond bacteria to whales: future research directions for size-based 
ecosystem models 
Despite SSMs not having been fully developed all the way from bacteria to whales, in many 
respects, the recent achievements of size-based models extend beyond Sheldon ’s initial 
vision for describing the size spectrum (Box 2.2). SSMs are being used to examine: spatial 
distributions of abundance (Lefort et al., 2015), species interactions (Blanchard et al., 2014), 
diversity-stability links (Zhang et al., 2013), eco-evolutionary processes (Zhang et al., 2015), 
and consequences of human-induced and environmental change (Jacobsen et al., 2014; 
2016; Blanchard et al., 2012). Here, we highlight four promising research innovations that 
will help us realise the full potential and wider generality of this approach for modelling whole 
ecosystems. 
 Beyond one size fits all: unifying models through functional traits 
The simple rule of size-based prey selection has proven useful for understanding the 
structure and dynamics of communities but one size-based rule will not universally fit all 
organisms with life-history, morphology, habitat, and behavioral traits all affecting realised 
food web interactions (Boukal, 2014). For example, marine mammals illustrate how 
technological innovations enable different size-based strategies to maximise energy intake. 
Baleen plates and the ability to forage over large spatial scales (also dependent on large 
body size) allow baleen whales to feed down food chains and exploit highly productive but 
patchy plankton and nekton. Similarly, echolocation enables beaked whales to extend their 
prey detection range and forage selectively on larger, energetically richer, but more sparsely 
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distributed prey compared to seals of similar body sizes that are constrained to forage on 
smaller but more predictably distributed prey (Naito et al., 2013). Differences in size-based 
rules also apply to species of zooplankton (Henschke et al., 2016), fish, sharks (Barnes et 
al., 2010), and seabirds (Webb et al., 2011).  
These differences are not exceptions, but rather demonstrate that one size does not 
necessarily fit all. Most organisms have a distribution of prey size preference bounded by a 
minimum and maximum size (Elton, 1927). In SSMs, as long as the size preference is 
known, then the feeding function can be adapted for different types of feeding (Canales et 
al., 2015; Houle et al., 2016). This is powerful; it means that a size spectrum framework 
becomes more generalisable through greater flexibility in these functional traits. Even 
organisms such as parasites can be represented as they follow a ‘reverse size rule’ that  
 
Box 2.2 How are size spectrum models being used? 
A synthesis of 75 papers published on since 2010 
(https://doi.org/10.1016/j.tree.2016.12.003) illustrates that the different types of size-
based models (Figure I b, c) collectively cover a size range of >20 orders of magnitude 
(Figure I a). However, there are no models that span this entire range. Only 13 of the 75 
papers explicitly capture the dynamics of more than one functional group. Furthermore, 
none of the 75 papers resolve the size classes dominated by bacteria and none explicitly 
capture the dynamics of marine mammals or seabirds. 
Fish and fisheries studies dominate both in terms of focal taxa and the characteristic size 
range (Figure I a) covered by dynamic models, even though there are more plankton 
empirical studies (Figure I b, see https://doi.org/10.1016/j.tree.2016.12.003 for 
references). Of these studies, 44 studies have used SSMs and 37 of these have used 
them to investigate the ecosystem consequences of fishing intensity and selectivity, 
marine protected areas, climate change, patterns of biodiversity, and structural habitat 
loss (Figure I c, see https://doi.org/10.1016/j.tree.2016.12.003 for references). These 
recent studies include real-ecosystem applications spanning from the global ocean 
(Lefort et al., 2015) to local coral reefs (Rogers et al., 2014). Fishing applications are 
most numerous among these. Reductions in the empirical slopes of fish community size 
spectra have been attributed to the removal of large-bodied individuals (and release of 
their smaller prey) through fishing (Blanchard et al., 2005). These features of exploited 
marine ecosystems have led to some of the key developments of dynamic SSMs to 
provide a theoretical framework for the use of size-based indicators to monitor the 
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means they feed on larger organisms but still have a minimum and maximum size for hosts 
(Warren et al., 2010). Currently, there is limited cross-fertilisation between plankton-focused 
and higher trophic level size-based models, but realistic coupling to plankton is recognised 
as a key uncertainty  
ecosystem effects of fishing (Andersen et al., 2015b). From a conservation and 
management viewpoint, a key advantage of the size-based approach is that predictions 
can be compared to modelled unexploited size spectra under changing environmental 
conditions, rather than relying solely on historical baselines that may not be relevant 
under current or future environmental conditions (Jennings and Blanchard, 2004). The 
application of SSMs in this context can also include analysis of how several changing 
input variables – including primary production, temperature, and fishing mortality rates – 
affect predicted changes in abundance, biomass, production, slopes, or other outputs.  
 
Figure I: Synthesis of SSM Size spectrum Studies Published in the Last 5 Years 
(references and keyword search terms are available at 
https://doi.org/10.1016/j.tree.2016.12.003). (a) Number of modelling studies that 
explicitly represent size classes spanning bacteria to whales. (b) Number of empirical 
size spectrum papers published for different focal communities. (c) Number of different 
types of size-based ecosystem model applications. Abbreviations: CC; climate change; 
Phytopl.; phytoplankton; Zoopl.; zooplankton. 
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in higher trophic level models (Jennings and Collingridge, 2015). For these higher trophic 
level models, plankton dynamics are usually assumed to be: (i) static (Benoît and Rochet,  
2004); (ii) modelled as a discrete size classes (without fluxes of growth through the size 
spectrum) (Andersen and Pedersen, 2010); or (iii) externally forced (Blanchard et al., 2012; 
Barange et al., 2014; Lefort et al., 2015). Externally forced plankton inputs are often derived 
from satellite estimates (Jennings and Collingridge, 2015) or coarsely size-structured Earth 
systems or regional biogeochemical models (Carozza et al., 2016), rather than being 
explicitly linked to phytoplankton and zooplankton size spectrum dynamics (Fuchs and 
Franks, 2010) or emerging plankton trait-based models (Andersen et al., 2015a). To improve 
ecosystem coverage and feedbacks, there is much scope for better integration of dynamic 
SSMs already in use in different parts of the size spectrum.  
Formulating ecosystem models as functional size spectra overcomes some of the limitations 
of purely size- or species-based approaches and also has other advantages. First, most 
components are likely to have some features that are size dependent. For example, 
although seabirds and seals do not have large variation in individual sizes they still exert 
strong prey size selectivity on fish communities (Houle et al., 2016), and have search and 
intake rates that scale with body size. Second, size- and trait-based parameterisation of food 
webs can help to constrain parameters and reduce uncertainty in complex models (Box 2.3). 
A functional size spectrum approach also has the potential to be expanded to some 
terrestrial food webs, where interest in individual body size distributions has increased in 
recent years (Reumann et al., 2008; Turnbull et al., 2014), and where the manner in which 
individual-level processes scale up to ecosystems is beginning to be explored (Harfoot et 
al., 2014). 
 Beyond slopes: testing predictions with observed size spectra 
Clearly, SSMs have come a long way, but do we actually have the data to assess whether 
or not they can predict abundance and biomass all the way from bacteria to whales in an 
integrated fashion? While empirical size spectra studies are numerous (for reviews, see 
Turnbull et al., 2014 and Sprules and Barth, 2015), a key limitation of SSMs is that model 
skill assessment is difficult across the entire ecosystem. This is because technology has 
limited data collection to taxonomically defined communities or habitats due to the 
challenges of a huge variety of sampling platforms to observe bacteria and plankton (bottle 
samples, small nets, and optical counters), fish (trawls and acoustics), mammals (visual or 
acoustics), reefs (visual census), and benthos (grabs and cores). It is clear that we need 
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better integration of whole ecosystem data and models, from accurate representation of 
underlying individual processes to more detailed tests of their predictions.  
While there is consistency in the prediction of steady state size spectrum slopes across 
several models, both modelled and observed size spectra can exhibit nonlinear patterns. 
Different hypotheses have been proposed to explain lumpy (nonlinear) patterns in size 
spectra, including habitat complexity (Nash et al., 2013; Rogers et al., 2014), omnivory 
(Chang et al., 2014), smaller PPMR , and narrower range of prey sizes (Plank and Law, 
2012), and dynamic seasonal or longer-term cycles (Canales et al., 2015; Datta and 
Blanchard, 2016). Dynamic oscillations (travelling waves) have been shown to arise due to 
changes in parameters (such as PPMR) or through perturbations such as size-selective 
fishing (Blanchard et al., 2011; Jacobsen et al., 2014; Law et al., 2014) or bottom-up 
disturbances (Blanchard et al., 2011; Datta et al., 2011) that affect the stability of size 
spectrum. Temporal variation around a time-averaged size spectrum can have important 
consequences for ecosystem services, such as fisheries stability. In contrast, individuals 
hiding in size-structured refugia, such as coral reef crevices (Rogers et al., 2014), produce 
lumpy size spectra that are beneficial for survival rather than evidence of oscillations or 
instability. Empirical examples show lumpy zooplankton size spectra in productive coastal 
eddies result in older and larger larval fish due to increased food availability and hence 
survival (Mullaney and Suthers, 2013). Under different environmental conditions, it is likely 
that there are multiple causes of nonlinear patterns and variability in the size spectra that 
emerge at different time and space scales, but these have yet to be tested in a systematic 
and inclusive way. 
Box 2.3 Predicting ecosystem structure and function in an era of rapid change: 
managing uncertainty 
Data are needed to parameterise and test size spectrum models to apply them to real 
ecosystems and assess how accurate their predictions of ecosystem structure and 
function are (Box 2.1). Because size spectrum models are computationally inexpensive 
relative to more complex ecosystem models, there could be scope for the development 
of SSMs as real-time observational models. Predictions from models could be combined 
with data collected at different scales or organisational levels ranging from individual 
growth rates, tagging data, species or community biomass and abundance or large 
fisheries catches (Blanchard et al., 2012; Dueri and Maury, 2013; Blanchard et al., 2014). 
More research on the level of complexity needed to accurately capture ecosystem 
function and dynamics without inflating uncertainty is needed.   
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 Beyond fixed traits: extinctions, invasions, and evolution 
A fundamental area of ecological research involves understanding how the loss of a species 
affects biodiversity throughout the food web (Brose et al., 2016). Although early SSMs 
ignored species identity and were viewed as too simple to represent biodiversity, recent 
work suggests that SSMs could hold considerable promise in biodiversity research. In 
addition to representing functional diversity (species, traits, and functional groups), SSMs 
have been extended to explain patterns in size-based diversity (diversity size spectrum; 
Reuman et al., 2014). From these models, empirically observed macroecological patterns 
such as species richness versus body mass emerge. Whether or not this theory holds across 
different types of ecosystems warrants investigation.  
Coexistence and persistence of different species and functional groups is affected by how 
density dependence and competition are incorporated into models (Andersen et al., 2017). 
Models have been confronted by data in different ways: qualitative comparisons with size 
spectrum slopes from the relevant part of the size spectrum and more quantitative 
assessment of models by calibrating and fitting them to data. Calibrating the model with 
earlier observations and then assessing model skill by comparing time-series of 
predictions with later observations is an approach that is being used for size spectrum 
models (Blanchard et al., 2014; Spence et al., 2015; Zhang et al., 2015).  
Uncertainty also comes from our imperfect knowledge about what drives the structure of 
ecosystems. This is especially critical in ecosystem models, where different models 
make different assumptions and prioritise species identity over size (or vice versa) in how 
individuals interact. Model inter-comparisons (Jacobsen et al., 2015; Woodworth-
Jefcoats, 2015) enable these approaches to be considered in a wider context and such 
broad-scale uncertainties are being tackled through their use as part of ecosystem model 
ensembles. Tools to formally integrate data and assess parameter uncertainty are 
beginning to be used in conjunction with size spectrum models and data. One advantage 
of the Bayesian framework is that it can account for the effects of parameter and 
observational uncertainty on model outputs, by presenting these outputs probabilistically. 
This allows a more informed assessment of the uncertainty and associated risk of using 
modelled outcomes for management decisions and for identification of which sources of 
uncertainty matter the most (Zhang et al., 2014; Spence et al., 2015; Thorpe et al., 2015). 
The latter is particularly useful for prioritising data needs. 
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Changes in phenotypic and genotypic plasticity also affect coexistence, and have recently 
been incorporated into SSMs examining species invasions, community assembly, and 
adaptive dynamics (Zhang et al., 2015). Given the large redistribution of species under 
climate change, advances that enable species composition and traits to change and evolve 
provide a framework for exploring the emergence and evolution of novel communities and 
trait distributions.  
 Beyond fishing and warming: multiple stressors and their interactions 
A key strength of applied SSMs has been the ability to test joint and marginal effects of 
fishing and climate change on the size spectrum. In terms of fishing, until recently, human–
natural ecosystem interactions have involved simplified representations of fishing as an 
impact by including a size and gear and/or species-dependent mortality term. The role of 
economic and behavioral drivers such as the technological development of fisheries, 
affecting the efficiency to catch fish, is beginning to be tackled through more detailed 
consideration of the two-way feedbacks between humans and size-structured ecosystems 
(Carozza et al., 2016; Plank et al., 2016).  
Two of the biggest missing stressors in the context of climate and environmental change 
include effects of acidification and disease outbreaks. Given the expected incidence of 
acidification and disease outbreaks under global warming, we need a better understanding 
of how these stressors operate at the individual level before incorporating them in SSMs. 
Incorporating a wider range of stressors into the size spectrum modelling framework could 
enable initial assessments of cumulative ecosystem impacts to be made, as well as better 
integration with empirical size spectrum studies where stressors such as temperature, 
nutrients, pollution, and pH have been studied across gradients in natural and controlled 
experimental aquatic ecosystems (Schwinghamer, 1988; Yvon-Durocher, 2011). 
Development of theory in this area could focus on understanding physiological mechanisms 
controlling size-dependence of performance and stress responses and, in the case of 
disease, susceptibility and immunity. A first step could be to combine modelled experimental 
and observational systems to test hypotheses of multiple stressors.  
2.6 Concluding remarks 
Size-based community and ecosystem models are being applied to a wide range of 
ecosystems to investigate structure and function, biogeochemical cycles, as well as the 
impacts of climate change, habitat loss, and fishing but there are still Outstanding Questions. 
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Nevertheless, Sheldon ’s vision of considering the marine pelagic ecosystem from bacteria 
to whales has motivated 50 years of both empirical and modelling work on size spectra. His 
vision has largely been realised, and expanded; we have SSMs that go from sizes of 
phytoplankton to whales, and even include benthic systems. However, other key 
components of marine ecosystems have either not yet been tackled or are only superficially 
treated. The roles of bacteria and viruses in the microbial loop, which lead to nutrient 
recycling and enhance trophic efficiency in the food web, has yet to be integrated into SSMs. 
Furthermore, diseases and parasites, which are increasingly recognised as important 
components of marine systems (Wilson et al., 2002), have not yet been tackled. Finally, the 
largest animals, the baleen whales, which feed on much smaller animals than themselves, 
have only been implicitly represented in SSMs so far (but, see Harfoot et al., 2014).  
By using functional size spectra and trait-based approaches, we have the tools needed to 
model whole ecosystems. Although early models ignored species identity, SSMs can now 
capture species traits and functional groups, suggesting that further development and 
unification of approaches across the size spectrum is likely to result in a wider range of 
ecosystem and biodiversity applications in the near future. By showing the diverse 
applications and emerging approaches that allow us to tackle the entire ecosystem, we hope 
this review stimulates wider consideration of size spectrum models in ecology.  
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Chapter 3  
Zooplankton are not fish: improving 
zooplankton realism in size spectrum models 
mediates energy transfer in food webs 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Submitted manuscript/s included in this chapter:  
Heneghan, R. F., Everett, J. D., Blanchard, J. L., and Richardson, A. J. (2016). Zooplankton 
Are Not Fish: Improving Zooplankton Realism in Size spectrum Models Mediates Energy 
Transfer in Food Webs. Front. Mar. Sci. 3, 1–15.  
 
All authors were involved in conceiving the original idea for this study. JLB provided code 
from past size spectrum modelling studies. RFH undertook the literature review, constructed 
the model, conducted the analysis, and wrote the manuscript, with input from AJR, JLB, and 
JEE. 
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3.1 Abstract 
The evidence for an equal distribution of biomass from bacteria to whales has led to 
development of size spectrum models that represent the dynamics of the marine ecosystem 
using size rather than species identity. Recent advances have improved the realism of the 
fish component of the size spectrum, but these often assume that small fish feed on an 
aggregated plankton size spectrum, without any explicit representation of zooplankton 
dynamics. In these models, small zooplankton are grouped with phytoplankton as a resource 
for larval fish, and large zooplankton are parameterised as small fish. Here we investigate 
the impact of resolving zooplankton and their feeding traits in a dynamic size spectrum 
model. First, we compare a base model, where zooplankton are parameterised as smaller 
fish, to a model that includes zooplankton-specific feeding parameters. Second, we evaluate 
how the parameterisation of zooplankton feeding characteristics, specifically the predator-
prey mass ratio (PPMR), average growth efficiency and feeding kernel width, affects the 
productivity and stability of the fish community. Finally, we compare how feeding 
characteristics of different zooplankton functional groups mediate increases in primary 
production and fishing pressure. Incorporating zooplankton-specific feeding parameters 
increased productivity of the fish community, but also changed the dynamics of the entire 
system from a stable to an oscillating steady-state. The inclusion of zooplankton feeding 
characteristics mediated a trade-off between the productivity and resilience of the fish 
community, and its stability. Fish communities with increased productivity and lower stability 
were supported by zooplankton with a larger PPMR and a narrower feeding kernel – 
specialised herbivores. In contrast, fish communities that were stable had lower productivity, 
and were supported by zooplankton with a lower PPMR and a wider feeding kernel – 
generalist carnivores. Herbivorous zooplankton communities were more efficient at 
mediating increases in primary production, and supported fish communities more resilient 
to fishing. Our results illustrate that zooplankton are not just a static food source for larger 
organisms, nor can they be resolved as very small fish. The unique feeding characteristics 
of zooplankton have enormous implications for the dynamics of marine ecosystems, and 
their representation is of critical importance in size spectrum models, and end-to-end 
ecosystem models more broadly. 
3.2 Introduction 
In the 50 years since Sheldon et al. (1967) first hypothesised an equal concentration of 
biomass from bacteria to whales, a range of size spectrum models have been developed to 
explain this remarkable consistency (Andersen et al., 2016b; Guiet et al., 2016a). Size 
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spectrum models represent the entire marine community as a size distribution, and 
traditionally do not resolve species identity. Their simplicity and parsimonious 
parameterisation makes it possible for them to be used to investigate human impacts at the 
community level, including fishing (e.g., Andersen and Pedersen, 2010; Law et al., 2014; 
Jacobsen et al., 2014), climate change (e.g., Blanchard et al., 2012; Woodworth-Jefcoats et 
al., 2013; Barange et al., 2014; Dueri et al., 2014) and habitat loss (Rogers et al., 2014). 
The focus of these models has been on higher trophic levels – primarily fish and fishing – 
and in recent years there has been considerable effort in improving their parameterisation 
(Andersen et al., 2016b; Guiet et al., 2016a). For example, recent theoretical developments 
now allow size spectrum models to resolve different functional groups and even species by 
their traits, and this has been implemented for various fish (e.g., Blanchard et al., 2014; 
Dueri et al., 2014; Zhang et al., 2015). The focus on fish has meant that the dynamics of the 
plankton-dominated lower trophic levels has been neglected in model formulations. 
Zooplankton, as the main consumers of phytoplankton and prey of small fish are the chief 
intermediaries between primary production and higher trophic levels, and thus play a critical 
role in marine food web dynamics (Carlotti and Poggiale, 2010; Mitra and Davis, 2010).  
In current dynamic size spectrum models, the minimum size of the dynamic consumer 
spectrum extends to mesozooplankton. For smaller zooplankton, there are three common 
representations. First, phytoplankton and small zooplankton are represented as a fixed 
resource spectrum (with a varying intercept and a slope held at -1), and are considered only 
as a food source for the smallest fish size classes (Maury et al., 2007; Law et al., 2009; 
Blanchard et al., 2009, 2011, 2012; Datta et al., 2010; Guiet et al., 2016b). Second, the 
phytoplankton and small zooplankton spectrum is determined by an external nutrient-
phytoplankton-zooplankton (NPZ) model, with no predation feedback from the larger 
dynamic size classes (Woodworth-Jefcoats et al., 2013; Lefort et al., 2015; Le Mézo et al., 
2016). Third, phytoplankton and small zooplankton are modelled as a semi-chemostat 
system, with a fixed carrying capacity and predation feedback from higher trophic levels 
(Hartvig et al., 2011; Blanchard et al., 2014; Scott et al., 2014; Zhang et al., 2015, 2016). 
The latter approach is the only one in which the size spectrum of fish dynamically interacts 
with phytoplankton and small zooplankton. These current representations essentially group 
smaller zooplankton and phytoplankton together as food for the smallest dynamic size 
classes, and larger zooplankton as small fish.  
Assuming zooplankton have the same dynamics as phytoplankton or small fish is not only 
incorrect, but could have considerable effects on energy transfer in food webs. Zooplankton 
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have feeding characteristics distinctly different from fish. For instance, the average predator-
prey mass ratio (in grams of wet weight) for fish is typically around 100 (Jennings et al., 
2001) but for zooplankton it is >1,000 (Kiørboe, 2008; Wirtz, 2012). Additionally, zooplankton 
exhibit vast phylogenetic biodiversity, with at least eight phyla commonly present 
(crustaceans, chordates, chaetognaths, molluscs, cnidarians, echinoderms, ctenophores 
and annelids), each with considerable differences in their feeding ecology, from passive 
suspension grazing of the water column to active ambushing and carnivory (Kiørboe, 2011). 
Further complicating their feeding, various species of jellyfish, copepods, and 
microzooplankton can switch between suspension and ambush feeding modes, and this is 
reflected in different optimal prey sizes realised by the same species (Landry, 1981; 
Goldman and Dennett, 1990; Saiz and Kiørboe, 1995).  
Size-based predation is the key driver of dynamics in size-based ecosystems (Jennings et 
al., 2001; Woodward et al., 2005; Andersen et al., 2016a) and is broadly defined by five key 
parameters: 1) preferred predator-prey mass ratio (PPMR); 2) search rate coefficient; 3) 
body-size exponent, which determines how the search rate scales with body-size; 4) 
average growth efficiency; and 5) the width of the feeding kernel (the diet breadth around 
the preferred PPMR), and modelling studies of the size spectra of fish have shown that these 
parameters have a large effect on food web dynamics (Law et al., 2009; Datta et al., 2011; 
Zhang et al., 2013). For instance, a wider feeding kernel and lower PPMR dampens 
travelling waves through the fish community size spectrum (Blanchard, 2008; Law et al., 
2009; Zhang et al., 2013). Further, there is evidence that higher average growth efficiency 
has a similar effect on the steady state of the size spectrum (Datta et al., 2011). The 
sensitivity of ecosystem dynamics to parameterisation of fish feeding characteristics strongly 
suggests that zooplankton feeding characteristics could be important to energy transfer 
through the food web. Therefore, the first step towards including zooplankton in end-to-end 
size spectrum models is an accurate representation of their feeding characteristics.  
The extensive experimental work elucidating zooplankton feeding characteristics has 
formed the basis of several recent syntheses of size-based feeding (Kiørboe, 2011; Wirtz, 
2012, 2014; Fuchs and Franks, 2010) and provides an opportunity for improving 
zooplankton parameterisation in size spectrum models. Wirtz (2012) used the data collected 
by Hansen et al. (1994) and Fuchs and Franks (2010) to develop a mechanistic model that 
links zooplankton PPMR with their feeding characteristics. In another paper, Wirtz (2014) 
derived an ideal feeding kernel width for zooplankton from simple biomechanical laws, which 
agrees well with empirical data. Fuchs and Franks (2010) synthesised data from previous 
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studies to investigate the relationship between zooplankton PPMR and the width of the 
feeding kernel. They found that the feeding kernel width decreased with decreasing PPMR, 
suggesting increasing selectivity amongst individuals who prey on individuals closer to their 
own size. Kiørboe (2011) found that the size-specific zooplankton search rate is independent 
of body size across seven different functional groups.   
Here, we evaluate how the size-dependent feeding characteristics of zooplankton affect the 
dynamics of higher trophic levels in size-structured pelagic ecosystems. We extract feeding 
characteristics from a range of syntheses of size-based feeding (Kiørboe, 2011, 2013; Wirtz, 
2012, 2014; Fuchs and Franks, 2010) and implement them in a dynamic size spectrum 
model framework (Datta et al., 2010; Andersen et al., 2016b; Guiet et al., 2016a). To our 
knowledge this is the first dynamic size spectra model to resolve predation-based growth 
and mortality of zooplankton. The model has three components – a static phytoplankton 
resource spectrum and two dynamic spectra representing a general zooplankton and fish 
community, respectively.  In our model, biomass flows from smaller to larger size classes as 
a consequence of larger organisms consuming smaller organisms, and growth at one size 
is balanced by mortality in smaller size classes. We separate our findings in three parts. In 
Section 3.4.1 Zooplankton are not fish, we provide a size spectrum model using the best 
parameter estimates from the literature, and establish the individual effect each of the five 
key zooplankton feeding parameters has on the community size spectrum, by comparing 
against a base model where zooplankton are parameterised as just another fish community. 
In Section 3.4.2 Sensitivity analysis, we assess how varying the feeding characteristics of 
the zooplankton community impact the stability and productivity of the fish community size 
spectrum. Finally in Section 3.4.3 Mediating primary production and fishing, we evaluate 
how the feeding characteristics of different zooplankton functional groups – salps, 
chaetognaths, herbivorous copepods, flagellates and carnivorous copepods – mediate 
effects of variation in phytoplankton abundance and increased fishing mortality on the fish 
community size spectrum. The purpose of this study is not to give a quantitative evaluation 
of zooplankton or fish abundance, rather we wish to illustrate how incorporating 
zooplankton-specific feeding characteristics could affect the dynamics of size-structured 
ecosystems. Our ultimate aim is to investigate how zooplankton feeding characteristics 
influence energy transfer from phytoplankton and fish, and thus move toward a more realistic 
and consistent parameterisation for the zooplankton component of size spectrum models. 
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3.3 Methods 
 The model 
We developed a size spectrum model that consists of a size spectrum comprised of three 
communities: phytoplankton, zooplankton and fish (Figure 3.1; Tables 3.1 and 3.2). The 
phytoplankton component covers the smallest size classes [;C, ;D] and is held constant as 
a background resource spectrum for zooplankton. Size-dependent processes of growth and 
mortality drive the zooplankton and fish components. These two components are delineated 
by different size ranges and feeding characteristics. The zooplankton community covers the 
size range between phytoplankton and fish [;D,FGD], and the fish community covers the 
largest size classes [;H,FGH], although some of the smallest fish size classes extend into the 
zooplankton range (from ;H = 0.1 gram to FGD = 1 gram). Fish community size classes that 
extend into the zooplankton range represent larvae and very small fish that are smaller than 
the largest zooplankton. Predation is size-dependent, with big things eating smaller ones, 
so depending on their size, zooplankton can feed on phytoplankton, smaller zooplankton 
and the smallest fish size classes. Similarly, fish feed on zooplankton and smaller fish.  
The temporal dynamics of the zooplankton and fish communities are governed by the 
McKendrick-von Foerster equation with second-order diffusion terms (Datta et al., 2010), IIJ <K(;, J) = − II; MNK(;, J)<K(;, J)O − PK(;, J)<K(;, J) + 12 STS;T MUK(;, J)<K(;, J)O. 							 
The density of individuals in community V (where V is either zooplankton or fish) per unit mass 
per unit volume (gW)mW%) is denoted by <K(;, J). Growth, mortality and diffusion rates of 
individuals of group V at size ; and time J, are denoted by NK(;, J), PK(;, J) and UK(;, J), 
respectively. In this context, the diffusion term allows the model to incorporate demographic 
variation in the growth rates of each community. That is, within each community two 
individuals of the same weight eating the same food will not grow by the same amount (Datta 
et al., 2010). This not only increases model realism, but the stability of the system steady 
state, over the traditional first-order McKendrick-von Foerster equation (Datta et al., 2011).  
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Figure 3.1 Conceptual illustration of the phytoplankton-zooplankton-fish system. The 
background (phytoplankton) spectrum is held constant, the dynamic zooplankton and fish 
community spectrums are governed by the second-order McKendrick-von Foerster equation 
and the equations in Table 3.2. 
 
Phytoplankton dynamics in the background resource spectrum are not explicitly modelled, 
with the density of individuals held constant through time (gW)mW%):  
<X(;, J) = ?;@. (E	3.1) 
Equations are also found in Table 3.2, under their reference number. We use an exponent 
of -1 for the background spectrum, implying equal biomass over logarithmically equal body-
mass intervals in keeping with past dynamic size spectrum models (Benoît et al., 2004; Law 
et al., 2009; Blanchard et al., 2012; Law et al., 2014). The coefficient ? for the background 
(phytoplankton) spectrum (E 3.1) was calculated using the empirical equation for the 
intercept of the size spectrum, from Barnes et al., (2011) and annual median chlorophyll a 
concentrations for different ocean basins between 2005-2010 (Rosseaux and Gregg, 2014). 
Unless specified otherwise, we use the global median chlorophyll a value (0.16 mg	mW%) to 
give a value of 0.017 for ?.  
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From the predator’s perspective, total consumption depends on the total biomass of suitable 
prey. For an individual of size ; at time J from community V, this is determined by the 
predator’s search rate (m%	yrW)): [K(;) = 	\K;]^, (E	3.2) 
and the density of suitable prey (g	mW%):  
_K(;, J) = ` aK(;,;b)c<d(;b, J)d ;be;bffg , (E	3.3) 
where aK(;,;b) is a log-normal function that gives the probability that a predator of size ; 
will consume an individual of size ;′: 
aK(;,;b) = exp k−lln opK(;);b; qrT /2,KTt /M,K√2vO, (E	3.4) 
where pK and ,K are community V’s PPMR and feeding kernel width, respectively.  
The growth rate of an individual of size ; at time J is fuelled by consumption of prey from 
smaller size classes (g	yrW)):  NK(;K, J) = xK[K(;)_K(;, J), (E	3.5)	
where xK is the average growth efficiency of community V. Kiørboe (2011) found that the 
mass-specific search rate (E 3.2) for zooplankton, across a wide range of taxa is largely 
independent of organism size (y- = 1.01). This stands in contrast to the scaling for fish (yz 
= 0.8; Peters, 1983) that implies the specific search-rate per unit mass declines with 
increasing body size. Further, the search rate coefficient is higher for zooplankton \- =875	gW|}	m%	yearW) (Kiørboe, 2011), compared to fish \z = 640	gW|	m%	yearW) (Peters, 
1983).  
In previous size spectrum models the PPMR is held constant across the entire size range 
of the community (Andersen et al., 2016b). For zooplankton, the wide variation in observed 
PPMR across phyla suggests a constant value across all zooplankton size classes is 
inappropriate (Wirtz, 2012).  
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Table 3.1 Table of parameter values for the phytoplankton-zooplankton-fish dynamic size 
spectrum model. 
Symbol Definition Value Unit Source 	1.		;C, ;D	2.		;D,FGD	3.		;H,FGH 
Body mass ranges for: 
1. Phytoplankton 
2. Zooplankton 
3. Fish 
 1. 10W)Ä, 10WÄ	2. 10WÄ, 10Å	3. 10W%, 10Ç	 
 
g 
 
- 
1 
2, 3, 4 pz PPMR for fish 100 - 5 
 É Quantitative feeding mode for  1. Salps & Doliolids 
2. Herbivorous copepods 
3. Chaetognaths 
4. General community 
5. Flagellates 
6. Carnivorous copepods 
 	1.	 -2.68 
 2.  -0.48 	3.		-0.20 4.		 0.00 5.			0.53 	6.			1.50 
 
- 
 
6 
, Feeding kernel width for zooplankton and 
fish 
,- = 0.75	,z = 1 - 7 2, 3, 4 y Exponent of search rate for zooplankton 
and fish 
yD = 1.01	yz = 0.80 - 8 9 \ Coefficient of search rate for zooplankton 
and fish 
\D = 875	\z = 640 gW|^	mW%	yrW) 8 9 x Average growth efficiency for 
zooplankton and fish 
xD = 0.7	xz = 0.6 - See text 
5 ÑÅ Coefficient for background mortality 0.04 gWÖ	yrW) 2, 4 Ü Exponent for background mortality -0.25 - 2, 4, 11 áÅ Coefficient for senescence mortality 0.2 gWà	yrW) 2, 4, 10 â Exponent for senescence mortality 1.2 - 2, 4, 10 ;ä Body size at which senescence mortality 
begins for zooplankton and fish 
;ãå = 10WT	;ãç = 10é  g - - ? Coefficient for background size spectrum 0.017 gW)WèmW% 12, 13 A Exponent for background size spectrum -1 - 2, 3, 4 ê Conversion factor from g	to µg 1012 - - 
Sources: 1. Zhou et al., (2010), 2.  Blanchard et al., (2009), 3. Benoît et al., (2004), 4. Blanchard et al., (2011), 5. 
Andersen et al., (2015), 6. Wirtz, (2012), 7. Wirtz, (2014), 8. Kiørboe, (2011), 9. Press, (1983), 10. Hall et al., (2006), 11. 
Brown et al., (2004), 12. Barnes et al., (2011), 13. Rousseaux and Gregg, 2015. 
 
 
We have thus used the mechanistic formulation from Wirtz (2012) who argues that for 
zooplankton, PPMR will increase non-linearly as predator size increases, due to the non-
isometric scaling of feeding-related apparatus with body size (Figure 3.2):  
		p-(;) = expë3 o0.02 ln í_f_ÅìT − É + 1.832qî , (E	3.6) 
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where _f is the predator equivalent spherical diameter (ESD) in µm:  
_f = 	2ï3; × ê4vó , (E	3.7) 
where ê is the conversion factor from g to µg (assuming 1 g wet weight equals 1 cm3). The 
mechanistic model from Wirtz (2012) also allows the range of feeding modes across different 
zooplankton functional groups to be quantitatively incorporated. The feeding mode of the 
zooplankton community is denoted by É, and ranges from -3 to 2. A larger, positive É-value 
(say É	= 2) suggests a more raptorial, carnivorous feeding strategy with a lower PPMR 
(Figure 3.2). Alternatively, a negative É-value (say É = -3) implies a more passive, 
herbivorous feeding strategy. For the fish community, we set pz = 100 (Andersen et al., 
2016b). 
A wider feeding kernel means an individual feeds over a wider range of size classes, 
implying a more generalist feeding strategy. Wirtz (2014) obtained a general feeding kernel 
width for zooplankton of 0.75 log)Å grams body-size from simple biomechanical laws, and 
found this value agreed well with measured values from different species.  
Fuchs and Franks derived an empirical equation that links zooplankton PPMR pD with the 
feeding kernel width:  ,- = 0.05	log)Å(p-) + 0.33. (E	3.8) 
This equation suggests a positive relationship between the width of the feeding kernel and 
the PPMR. In other words, more active, carnivorous groups (É	 > 	0), have a narrower, more 
selective prey size range compared to passive, filter feeding groups (É	 < 	0) that have a 
wider, more generalist prey size range. For the fish community, we set ,z = 1 (Andersen et 
al., 2016b). 
For individuals in community V, a fraction xK of consumed biomass, the average growth 
efficiency, is assimilated into new biomass. Observational and experimental work across 
different zooplankton functional groups show that average growth efficiency of ingested food 
into new biomass ranges from 0.3 – 0.9 (Landry et al., 1984; Kiørboe, 2008; Montagnes and 
Fenton, 2012; Abe et al., 2013). Average growth efficiency of copepods (Landry et al. 1984), 
dinoflagellates and larval fish (Kiørboe 2008) depends on whether they were acclimated to 
low or high food environments; those from low food environments have a higher average 
growth efficiency compared to those from high food environments. Similarly, the density and 
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carbon content of prey available had a significant effect on zooplankton growth efficiency – 
higher density and higher carbon content of prey gave lower assimilation efficiencies 
(Montagnes and Fenton, 2012; Abe et al., 2013). In previous models, average growth 
efficiency for zooplankton is usually held constant at 0.70 (e.g., Zhou et al., 2006; Fuchs and 
Franks, 2010; Ward et al., 2012, 2014). Unless specified otherwise, we keep x- = 0.7 to 
follow previous size-based plankton-focused models (Baird & Suthers, 2007; Zhou et al., 
2006; Stock et al., 2008; Fuchs and Franks, 2010; Banas et al., 2011).  
Figure 3.2 log10PPMR for the range of quantitative feeding modes from carnivores to 
herbivores (Wirtz 2012). The solid lines indicate realised log10PPMR for different feeding 
modes, across the size range of the zooplankton community. 
 
For the fish community, we set xz = 0.6, as this is a common value given in previous dynamic 
size spectrum models (Andersen et al., 2016b), and it is similar to the value of 0.7 we have 
selected for zooplankton. A value of 0.6 for the growth efficiency of the fish community is 
high given we do not incorporate the mass lost due to the energetic-requirements of size-
dependent metabolism, as Andersen et al., (2016b) does. However, the high value of 0.6 
can be justified by the incorporation of a senescence mortality term that increases with body 
size.  
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The senescence mortality term is part of a background mortality term, which covers all non-
predation sources of mortality (e.g., disease), that increases with body size (yrW)): PÅ^(;, J) = ÑÅ;ô + 	áÅ^;ã, (E	3.9)
that covers non-predation sources of mortality such as disease and senescence (Brown et 
al., 2004; Hall et al., 2006; Blanchard et al., 2009, 2011). Since individuals grow through 
time, the background mortality term describes rapidly decreasing background mortality in 
the early stages of life, a constant mortality for middle-age individuals, and an increasing 
mortality with senescence.  The increase in senescence mortality with body size also acts 
as a closure term for the largest size classes, by preventing a build-up of very large 
individuals (Andersen et al., 2016b). 
 
The senescence mortality term means that as individuals grow, their overall mortality rate 
increases, but their growth rate does not. Conversely, in Andersen et al.’s (2016b) model, 
metabolic requirements increase as an individual grows, which means they have less energy 
for growth, however their mortality rate does not decrease as well. Both approaches achieve 
the same result – an individual’s mortality rate outpaces it’s growth rate once it grows past 
a certain body size – because the two approaches represent increasing size-dependent 
costs on the individual. I used senescence mortality instead of a metabolic term in keeping 
with past size spectrum models that are simpler than Andersen et al.’s model (e.g. Benoît 
et al., 2004; Hall et al., 2006). 
 
From the prey’s perspective, the total predation pressure from all larger size classes gives 
the predation mortality rate (yrW)): PC(;, J) =cõúfù	ûG ü† ` ad(;b, ;)[d(;b)<d(;b, J)e;bûG üf .d (E	3.10) 
The total mortality rate for an individual of size ; at time J is given by the sum of the 
background and predation mortality rates (yrW)): PK(;, J) = 	PC(;, J) +	PÅ^(;, J). (E	3.11) 
Finally, the second-order diffusion term for an individual from community V of size ; at time J is (gT	yrW)): UK(;, J) = 	[K(;)xKTc` (;b)TaK(;,;b)<d(;b, J)e;bffgd . (E	3.12) 
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Table 3.2 Model equations with their units. An equation number is given that is used in the 
main text. 
Description Equation Units Equation 
Number 
Background (phytoplankton) 
spectrum 
<X(;, J) = ?;@ gW)mW%	 E	3.1	
Consumption and growth:    
Search rate [K(;) = 	\K;]^ 	 m%	yrW)	 E	3.2	
Density of suitable prey _K(;, J) = ` aK(;,;b)c<d(;b, J)d ;be;bffg 	 g	mW%	 E	3.3	
Size selection aK(;,;b) = exp °−Mln(pK(;);b/;)OT/2,KT¢ /M,K√2vO -	 E	3.4	
Growth rate NK(;K, J) = xK[K(;)_K(;, J) g	yrW)	 E	3.5	
PPMR p-(;) = expM3(0.02 ln(_f/_Å)T −É + 1.832)O -	 E	3.6	
Zooplankton size in ESD _f = 	2£3; × 10)T/4vó 	 µm	 E	3.7	
Feeding kernel width ,- = 0.05	log)Å(p-) + 0.33 -	 E	3.8	
Mortality and diffusion:    
Intrinsic mortality PÅ^(;, J) = ÑÅ;ô + 	áÅ^;ã yrW)	 E	3.9	
Predation PC(;, J) =cõ{fù	ûG ü}	 ` ad(;b, ;)[d(;′)<d(;b, J)e;b		ûG üfd  yrW)	 E	3.10	
Total mortality PK(;, J) = 	PC(;, J) +	PÅ^(;, J)	 yrW)	 E	3.11	
Diffusion term UK(;, J) = 	[K(;)xKTc` (;b)TaK(;,;′)<d(;b, J)e;′ffgd  gT	yrW)	 E	3.12	
Community characteristics:    
Total biomass ÑK(J) = 	` ;	<K(;, J)e;û¶ßßßßf^ 	 g	mW%	 E	3.13	
Total throughput ®K(J) = 	` ;	[K(;)_K(;, J)	<K(;, J)e;û¶ßßßßf^ 	 g	mW%	yrW)	 E	3.14	
Production-Biomass ratio ©ÑK(J) = ` ;	PK(;, J)	<K(;, J)e;û¶ßßßßf^ 	/` ;	<K(;, J)e;û¶ßßßßf^ 	 yrW)	 E	3.15	
Fish-Zooplankton biomass 
ratio 
™´(J) = Ñz(J)/Ñ-(J)	 -	 E	3.16	
Other equations:   	
Zooplankton boundary 
condition 
<-(;D) = ?;D@ gW)mW%	 E	3.17	
Fish boundary condition <z(;z, J) = <-(;z, J) gW)mW%	 E	3.18	
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 Community characteristics 
To evaluate effects of feeding characteristics of the zooplankton community on the fish 
community, we calculated several community-level measures. The total biomass of 
community V was obtained by integrating the abundance in all size classes (g	mW%):                       
ÑK(J) = 	∫ ;	<K(;, J)e;.û¶ßßßßf^ (E	3.13)  
Similar to Blanchard et al. (2011), we defined the total throughput of community V as the total 
consumption rate (g	mW%	yrW)):                                           
®K(J) = 	∫ ;	[K(;)_K(;, J)	<K(;, J)e;.û¶ßßßßf^ (E	3.14)                 
The production to biomass ratio of a community V - where production was defined as the 
total flux out of the community from all sources of mortality (Brown et al., 2004) - was used 
to evaluate the total energy flux through a community (yrW)):     
         ©ÑK(J) = ≠∫ ;	PK(;, J)	<K(;, J)e;û¶ßßßßf^ Æ / ≠∫ ;	<K(;, J)e;û¶ßßßßf^ Æ . (E	3.15) 
Total throughput is a measure of how energy moves internally through the system from 
predation processes, whereas the production to biomass ratio is an indicator of how much 
new biomass is produced to replace biomass lost to mortality, per unit of existing biomass.  
To evaluate the transfer efficiency from zooplankton to the fish community, we calculate the 
ratio of total fish biomass to total zooplankton biomass:                                   ™´(J) = Ñz(J)/Ñ-(J). (E	3.16)
This is similar to the approach taken in previous studies evaluating the transfer efficiency of 
phytoplankton to zooplankton (Havens and Beaver, 2012; Friedland et al., 2012).  
We use two measures to evaluate the stability and total variability of the system. First, the 
resilience of the system was determined using the Newton-Raphson multidimensional root-
finding method (Press et al., 2007). For each configuration of zooplankton feeding 
characteristics in Results sections 3.4.1, 3.4.2 and 3.4.3, the abundance of the zooplankton 
and fish communities was taken after 20 years. The local stability of this abundance was 
determined by the maximum real part (λØ∞±) of the eigenvalues of the Jacobian matrix 
calculated with the Newton-Raphson method. If λØ∞±<0, the system is locally stable, which 
means the entire system will return to its original state following small perturbations from its 
steady state. The more negative λØ∞± is, the faster the system will recover from local 
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perturbations to the steady state. Alternatively, if λØ∞±>0, the system is not locally steady 
and will not return to its original state following small perturbations. Second, we measured 
the total variability of the system’s long-term behaviour by calculating the coefficient of 
variation (CV) of the time-series of biomass over the last 10 years of the simulation.  The 
Newton-Raphson stability analysis and the CV work together; the first will identify if the 
system’s long-term solution is locally stable, and the CV gives a measure of the variability 
of the long-term behaviour of the system through time. 
  Numerical implementation 
Dynamics of the zooplankton and fish communities are modelled with the second-order 
McKendrick-von Foerster equation, which we solve numerically using a second-order semi-
implicit upwind finite difference scheme (see Appendix 1; Press et al., 2007). We present 
the results in log)Å space for ease of interpretation, mathematical convenience and 
comparison with previous work. For the numerical implementation we discretize the dynamic 
size range [10WÄ, 10Ç] into equal 0.1 log)Å size intervals (on a log)Å gram scale), and use a 
daily-time step for the time interval. We chose these values to discretize the time and weight 
ranges to ensure convergence in our numerical implementation without requiring 
unnecessary computational effort, in keeping with past studies (Press et al., 2007; Zhang et 
al., 2013; Plank et al., 2012; Law et al., 2014).  
We do not resolve reproductive processes in the model. Instead, for the zooplankton 
community, to prevent extinction the density of individuals in the smallest size class is 
determined from the continuation of the phytoplankton size spectrum (gW)mW%): 
<-(;D) = ?;D@. (E	3.17)
The smallest size classes of the fish community overlap with the largest size classes of the 
zooplankton, which reflects the fact that fish start their life as part of the zooplankton 
community (Everett et al., 2017). Indeed, in reality there is no clear size-based demarcation 
between where zooplankton end and fish begin. Therefore, the dynamics of the two 
communities where their size classes overlap need to be linked. This was also done to 
ensure that the fish community would not go extinct over time, which can occur in dynamic 
size spectrum models with multiple functional groups (Hartvig et al., 2013). To do this, the 
density of the smallest size class in the fish community is held equal to the equivalent 
zooplankton size class (gW)mW%): <z(;z, J) = <-(;z, J). (E	3.18) 
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This parameterisation of the abundances of the smallest size classes implies that we are 
assuming constant recruitment for zooplankton and fish (Law et al., 2009; Blanchard et al., 
2012). The assumption of constant recruitment permits a clearer evaluation of how the 
feeding characteristics of the zooplankton affect the dynamics of a fish community, in 
keeping with previous community size spectrum models (e.g., Benoît et al., 2004; Maury et 
al., 2007; Law et al., 2009; Zhang et al., 2013). 
We ran each simulation for a 20-year period. In each simulation, our initial condition starts 
the zooplankton and fish community spectra as a continuation of the background 
(phytoplankton) spectrum (E 3.1). If the solution was a stable equilibrium there would initially 
be some oscillations around the steady state that would diminish over time. When the 
solution was a non-equilibrium attractor (i.e., a travelling wave) the variance of the system 
and magnitude of the oscillations would increase over time until a stable periodic solution 
was achieved. In all simulations the system achieved steady state within the first 5 years, 
therefore we discarded the first 10 years as a burn-in period. The results in this study are 
from the final 10 years of the simulation. 
  Zooplankton are not fish 
To establish the individual effect each of the five zooplankton feeding parameters has on 
the fish community, we begin with a base model where zooplankton are parameterised as 
another general fish community. From the base model, we build up to a model where the 
zooplankton community feeding characteristics are parameterised to represent a general, 
mixed zooplankton community. To do this, we use É	 = 	0 to represent the average PPMR 
of a zooplankton community characterised equally by herbivorous and carnivorous feeding 
behavior, and set ,- = 0.75, x- = 0.7, \- = 875	gW|}	mW%	yearW) and y- = 1.01 to reflect the 
average feeding characteristics of zooplankton across multiple functional groups.  
We change each zooplankton feeding parameter one at a time, then all together, and 
evaluate their individual relative impact on fish community measures against the base 
model, by calculating the change in the measure against the base model. For example, the 
relative fish biomass (rFB) for a new parameterisation of the zooplankton community is 
obtained by dividing the fish biomass from the new model by the fish biomass from the base 
model. 
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  Sensitivity analysis 
In this section, we assess how variation in the feeding characteristics of the zooplankton 
community affects the productivity and stability of the fish community. We focus on 
zooplankton feeding mode (É), feeding kernel width (,-) and average growth efficiency (xD), 
since these parameters vary across different zooplankton functional groups and 
environmental conditions. We vary É from -3 to 2, ,- from 0.4 to 2.2 and x- from 0.3 to 0.9. 
  Mediating primary production and fishing 
In our final section, we assess how the feeding characteristics of different zooplankton 
functional groups affect the productivity and stability of the fish community, and mediate 
increased primary production and fishing pressure, by evaluating the effect of these changes 
on the average total biomass of the fish community. We use the É-values from Wirtz (2012) 
for five different zooplankton functional groups (salps, chaetognaths, herbivorous copepods, 
flagellates and carnivorous copepods) and a general zooplankton community (Table 1). The 
width of the feeding kernel for each of the six groups was determined with Fuchs and Franks’ 
(2010) empirical equation (E 3.8), which links the average zooplankton community PPMR 
with the feeding kernel width. For all groups, we hold the search rate and average growth 
efficiency constant (see Table 1). 
We used chlorophyll a concentrations from 2 ocean basins – the North Central Pacific (0.06 mg	mW%) and the North Atlantic (high concentration, 0.28 mg	mW%) – to give a range of 
coefficient values (intercept of the spectrum; ?) between 0.010 and 0.024, which 
corresponds to a total phytoplankton abundance in the background resource spectrum of 
between 0.23 and 0.55 gW)mW%. To include fishing pressure, we incorporate an additive 
fishing mortality term with a value between 0-2 yrW), for all individuals in the fish community 
> 200 g. 
3.4 Results 
  Zooplankton are not fish 
The base model (denoted as the dashed line in each of the sub-plots in Figure 3.3 was a 
locally stable spectrum (λØ∞± of -0.58), with the dynamic zooplankton and fish communities 
essentially a continuation of the static background spectrum in the base model. 
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Individually changing the zooplankton average growth efficiency x- from 0.6 and 0.7 (Figure 
3.3 a) increased the total throughput and production to biomass ratio of the fish community, 
in comparison to the base model (Table 3.3), and increased resilience of the entire system 
to local perturbations, with λØ∞± = -0.71. Increasing the zooplankton community search rate 
coefficient (\-) from 640 to 875 (gW|≤	mW%	yrW)) (Figure 3.3 b), had a negligible effect on the 
total biomass or productivity of the fish community, compared to the based model (Table 
3.3), however it did increase the resilience of the system, with λØ∞± = -0.76. Changing the 
search rate exponent for the zooplankton community (y-; Figure 3.3 c) from 0.82 to 1.01 
reduced the total fish biomass by almost 70%, and reduced the relative production to 
biomass ratio (45% decrease) and relative total throughput (87% decrease), against the 
base model. Changing \- decreased the resilience of the system, with λØ∞± = -0.04, however 
the system was still locally stable.  
 
Figure 3.3 The zooplankton and fish community size spectra when various parameters are 
changed a-e) one at a time and f) all together. The dashed lines in each plot represent the 
zooplankton and fish communities in the base model parameterisation, and the solid lines 
denotes the average abundance of the fish and zooplankton communities over 10 years in 
the modified model. The shaded areas show the regions of the travelling wave solutions 
over 10 years if the system settled into a stable periodic solution.  
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Individually reducing the zooplankton feeding kernel width (,-; Figure 3.3d) from 1 to 0.75, 
and changing the PPMR (Figure 3.3e) of the zooplankton component increased the total 
biomass, throughput and production to biomass ratio of the fish community, in comparison 
to the base model (Table 3.3).  Changing the PPMR of the zooplankton gave the most 
significant increase in relative production to biomass (75% increase) and relative total 
throughput (335% increase) of the fish community. Only changing the zooplankton PPMR 
affected the relative fish to zooplankton biomass significantly, with a 22% increase against 
the base model. Changing the feeding kernel width and the PPMR for the zooplankton 
community meant the system went from being locally stable to unstable (λØ∞± > 0), and 
changed the steady state from a stable equilibrium to an oscillating system. Between the 
two parameters, the magnitude of the oscillations was larger when the zooplankton 
community PPMR was updated (CV = 0.28), compared to ,- (CV = 0.07) (Table 3.3, Figure 
3.3 d, e). 
When all parameters were changed for the zooplankton community (Figure 3.3 f) there were 
significant increases against the base model in total fish biomass (69%), the fish to 
zooplankton biomass ratio (44%), and the fish community production to biomass ratio and 
total throughput (44% and 140% respectively). Except for the relative fish to zooplankton 
biomass ratio, the increase in the total fish biomass and productivity measures were lower 
when all the parameters were updated, compared to just updating the zooplankton PPMR. 
(Table 3.3). The overall system was not locally stable (λØ∞± = 0.47), and the magnitude of 
the oscillations through the system were higher than any seen in a system with a single 
parameter updated, with CV = 0.62.  
 
Table 3.3 Fish community biomass (FB), fish to zooplankton biomass ratio (F:Z), fish 
community production to biomass ratio (P:B) and throughput (TP) relative to the base model 
(r), and the variation in fish community biomass (coefficient of variation: CV) when the 
zooplankton community feeding parameters are changed one at a time, and all together. 
The system is locally stable if λØ∞± < 0. 
 rFB rF:Z rP:B (Fish) rTP (Fish) CV (Fish) λØ∞± 
Base Model 1.00 1.00 1.00 1.00 0.00 -0.58 K' = 	0.7 1.17 1.00 1.11 1.35 0.00 -0.71 γ' = 875 0.99 0.96 1.00 0.99 0.00 -0.76 α' = 1.01 0.34 0.96 0.55 0.13 0.00 -0.04 σ' = 0.75 1.06 0.95 1.04 1.13 0.07  0.24 m = 0 2.27 1.22 1.75 4.35 0.28  0.65 
All changed 1.69 1.44 1.42 2.40 0.62  0.47 
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 Sensitivity analysis 
The total biomass of the fish community increases as É decreases (Figure 3.4 a). From É 
= 2 – -3 (corresponding to an average zooplankton community log10(PPMR)  range of 1 – 
7.5), total fish biomass increases over 3 orders of magnitude (0.3 g	mW% for É = 2 to 
620	g	mW% for m = -3). The increase in fish biomass and productivity measures with respect 
to zooplankton PPMR starts at around É = -0.5, which corresponds to an average 
zooplankton community log10(PPMR) of 4.5. Similarly, a smaller feeding kernel width (,-) – 
indicating a predator that feeds on a narrower size range of prey – results in an increase in 
total fish community biomass (Figure 3.4 b).  
Figure 3.4 a, b, c) The total average fish community biomass (g	mW%) and d, e, f) the fish to 
zooplankton biomass ratio (F:Z) for different values of zooplankton feeding mode (É), 
feeding kernel width (,-) and average growth efficiency (xD), over the last 10 years of the 
simulation. In each plot, the other feeding parameters not specified are held constant at É 
= 0, ,- = 0.75 and xD = 0.7. The dashed line in d, e, f) indicates the F:Z in the base model, 
where the zooplankton community are parameterised as fish. 
 
From ,- = 0.4 to 1.1, total fish biomass increases from 0.25 g	mW% to 2.9 g	mW%. There is a 
roughly linear, positive relationship between total fish biomass and the average growth 
efficiency x- of the zooplankton community (Figure 3.4 c). As x- increases from 0.3 to 0.9, 
total fish biomass increases from 0.20 g	mW% to 0.65 g	mW%. Similar patterns can be seen in 
the relationship between zooplankton PPMR, feeding kernel width and average growth 
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efficiency and the fish community productivity measures (Supplementary Information Figure 
S 3.1).  
The fish to zooplankton biomass ratio peaks at around É = 0 (3.60), and stays around 2.9 
for É < -1, and decreases for É	> 0.5 to settle around 2.1 (Figure 3.4 d). For ,-, the fish to 
zooplankton biomass ratio peaks at ,- = 0.5 around 4.8, before uniformly declining as ,- 
increases (Figure 3.4 e). There is minimal change in fish to zooplankton biomass ratio with 
increasing x-, which suggests zooplankton biomass and fish biomass increase at the same 
rate (Figure 3.4 f). Except for É	> 0.5, the fish to zooplankton biomass ratio was higher than 
the base model (dashed line in Figures 3.4 d, e, f) across the ranges of É, ,- and x-. With ,- = 0.75, the CV is zero for É-values above 1 (Figure 3.5 a) which corresponds to a stable 
equilibrium state (Figure 3.5 d). The CV increases as É	decreases from 0.5 to -0.5, which 
implies increasing variability in total fish biomass as the zooplankton community shifts from 
carnivorous to herbivorous feeding behavior. The CV stabilises between 1 and 1.5 for É < 
0. This suggests that even though the total fish community biomass is still increasing as É	becomes more negative, the relative variation in fish biomass through time does not 
increase. There is a negative relationship between increasing ,- and CV, indicating 
increasing stability with a wider feeding kernel (Figure 3.5 b). A similar pattern is observed 
in Figure 5 d; the range of É-values that enable a stable system is larger, as ,- increases. 
The CV of the fish community varies across the range of x- values but within a much smaller 
range than the other two parameters (Figure 3.5 c). Increasing x- slightly increases the 
minimum ,-, and decreases the minimum É required for a locally stable steady state 
(Figures 3.5 e, f). 
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Figure 3.5 The fish community biomass coefficient of variation (CV) against zooplankton a) 
feeding mode (É), b) feeding kernel width (,-) and c) average growth efficiency (xD), and 
the local stability regions of d) É against ,-, e)	,- against xD and f) É against xD. In d, e, f) 
the dashed lines indicate the transect over which the CV in the plot above is taken. In each 
plot, the other feeding parameters not specified are held constant at É = 0, ,- = 0.75 and xD = 0.7. 
 
  Mediating primary production and fishing 
Our results suggest a trade-off between the stability of the overall system and the total 
average fish productivity and biomass for most zooplankton groups (Figure 3.6 and Table 
3.4). The herbivorous salp community (É = -2.68, PPMR ~ 7) is an exception (Figure 3.6 
a). It supports the most abundant and productive fish community, yet it is a more stable 
system overall than the one dominated by herbivorous copepods and chaetognaths (Figure 
3.6 b, c; Table 3.4). The salp community has the widest feeding kernel (,- = 0.70), which 
suggests a wider feeding kernel gives a more resilient system without sacrificing the 
productivity of the fish community. 
A lower, increasingly negative É-value results in a zooplankton community with a flatter 
abundance spectrum. In other words, increasing herbivory results in a higher abundance in 
the larger zooplankton size classes. For the fish community, a shallower zooplankton 
spectrum leads to a higher abundance in the smallest fish size classes. The overall average 
slope of the fish community spectrum is similar across the 6 plots (Figure 3.6). This suggests 
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Table 3.4 Average fish community biomass (FB), fish to zooplankton biomass ratio (F:Z), 
fish community production to biomass ratio (P:B) and throughput (TP), and the variation in 
fish community biomass (coefficient of variation: CV) when the zooplankton community is 
defined by the feeding characteristics of different functional groups, over the last 10 years 
of the simulation. The system is locally stable and resilient to small perturbations in initial 
conditions when λØ∞± < 0. 
 FB F:Z P:B (Fish) TP (Fish) CV (Fish) λØ∞± 
Salps & Doliolids 133.02 2.86 366.38 5402.88 1.11 0.25 
Herb. Copepods 13.43 3.79 73.76 586.25 1.26 0.67 
Chaetognaths 4.33 4.40 29.77 69.61 1.27 0.59 
General 1.40 4.43 11.84 8.06 0.97 0.51 
Flagellates 0.20 1.73 3.13 0.27 0.11 0.53 
Carn. Copepods 0.13 2.15 2.42 0.11 0.01 0.20 
 
the average slope of the fish community spectrum depends more on the feeding 
characteristics of the fish, over the dynamics of the zooplankton community.  
The total average fish biomass increases with increasing phytoplankton abundance, across 
all 6 systems (Figure 3.7 a). The magnitude of the increase in fish biomass correlated with 
the F:Z and CV of the system (Table 3.4). More fish were associated with a higher F:Z, and 
lower CV. The general zooplankton community system had the highest fish to zooplankton 
biomass ratio (4.43) and had the largest increase in total fish abundance: an 800% increase 
in fish. In contrast, the herbivorous copepod and chaetognath systems had similar fish to 
zooplankton biomass ratios to the general community (4.40 and 3.78), but higher CV’s (1.26 
and 1.27). These systems’ fish biomass increased by 340% and 410%, respectively. The 
flagellate system had the lowest fish to zooplankton biomass ratio (1.73), the second lowest 
CV (0.11) and the lowest increase in total fish biomass (170%).  
Fish communities supported by herbivorous zooplankton communities were more resilient 
to fishing pressure, compared to fish supported by more carnivorous zooplankton (Figure 
3.7 b). The salp system had a negligible decline in average fish biomass, and chaetognath, 
herbivorous copepod and general community systems declined by up to 1%, 2%, 5%, 
respectively, with increasing fishing pressure. The two systems with carnivorous 
zooplankton communities (flagellates and carnivorous copepods) had an almost identical 
relationship between total relative fish biomass and fishing pressure, with both losing up to 
15% of their average unfished biomass. 
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Figure 3.6 The zooplankton and fish community size spectra when the zooplankton 
community is defined by the feeding characteristics of a single functional group (Fuchs and 
Franks 2010; Wirtz 2012). Here, É denotes the feeding mode of the zooplankton and ,- the 
width of the feeding kernel. The solid lines denotes the average abundance slope of the 
zooplankton and fish communities over 10 years. The shaded areas show the regions of the 
travelling wave solution over 10 years if the system settled into a stable periodic solution. 
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Figure 3.7 Relative average fish biomass against (a) total phytoplankton abundance 
(gW)mW%) and (b) fishing mortality (yrW)) for fish communities supported by a zooplankton 
community with the feeding characteristics of different functional groups, over the last 10 
years of the simulation. The average relative fish biomass is calculated from the total fish 
biomass divided by the total fish biomass at a) the lowest phytoplankton abundance (0.1 mg	mW% chlorophyll a) and b) no fishing mortality (0 yrW)), over the last 10 years of the 
simulation.  
 
3.5 Discussion 
This study is the first qualitative assessment of how zooplankton feeding characteristics 
mediate the transfer of energy from phytoplankton to higher trophic levels with a dynamic 
size spectrum model. Improving the realism of the zooplankton community with zooplankton-
specific feeding parameters increased the transfer efficiency of the system and the total 
mean biomass of the fish community, but changed the long term behaviour of the system 
from a stable linear spectrum, to a series of travelling waves of abundance from smaller to 
larger size classes (Table 3.3; Figure 3.3).  The change in the long-term behaviour of the 
system came from updating the zooplankton community predator-prey mass ratio (PPMR) 
and feeding kernel width (,-). The general zooplankton community had a É-value of 0, 
which corresponds to a log)ÅPPMR of between 3-5 across the size range of the zooplankton 
community, and ,- of 0.75. This is in contrast to the fish community	log)ÅPPMR of 2, and 
feeding kernel width of 1. This observed change in long term behaviour agrees with the 
observed effects of increasing PPMR and decreasing ,- for fish communities (Blanchard et 
al., 2008; Law et al., 2009; Datta et al., 2011; Zhang et al., 2013). 
Our results suggest a trade-off mediated by the zooplankton community, between the local 
stability and resilience of the overall system and the total biomass and productivity of the 
fish community. A zooplankton community with a more generalist, carnivorous feeding 
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strategy – defined by a lower PPMR (larger, positive É) and a wider feeding kernel – 
increased the resilience of the system (Figure 3.5), but the fish community was less 
abundant and productive (Figure 3.4). In contrast, a zooplankton community characterised 
by specialised, herbivorous behavior – defined by a higher PPMR (larger, negative É) and 
a narrower feeding kernel - increased the total average biomass and productivity of the fish 
community (Figure 3.4), but decreased the resilience of the system (Figure 3.5). Herbivorous 
and mixed communities (É ≤ 0) with a narrower ,- had a higher ratio of fish to zooplankton 
biomass (Figure 3.4 d,e), indicating a more efficient transfer of biomass from zooplankton 
to fish. This positive relationship between the zooplankton community PPMR and transfer 
efficiency corroborates with previous theoretical (Andersen et al., 2009) and empirical work 
(Jennings et al., 2002; Barnes et al., 2010); a higher PPMR yields a higher transfer efficiency 
between trophic levels, and fewer trophic levels separating phytoplankton from fish.  
Zooplankton communities with a higher PPMR and narrower ,- had more variance in their 
abundance (Figure 3.5), which suggests that the abundance of zooplankton communities 
characterised by specialised herbivorous feeding behavior could exhibit more variation in 
their abundance than carnivorous communities. A similar relationship for fish species was 
found by Blanchard (2008), who established a link between the variation in fisheries catch 
of certain species of fish with their PPMR and ,; species with a higher PPMR and narrower 
feeding kernel had greater variability in their fishing catch through time. Jennings and Warr 
(2003) identified a link between environmental stability and a smaller ecosystem average 
PPMR, which in this context means increasing herbivory amongst zooplankton in unstable 
environments. Such a relationship has been observed in marine ecosystems; herbivorous 
zooplankton dominate in unstable coastal and upwelling regions, whereas more carnivorous 
zooplankton are abundant in the open ocean (Raymont, 1980).  
The resilience of the fish community to fishing pressure increased, and ecosystems became 
more efficient in mediating energy from phytoplankton to fish, when zooplankton 
communities had a larger ,- and higher PPMR characteristic of more herbivorous functional 
groups (Figure 3.7). The relationship between zooplankton community feeding 
characteristics, and the resilience of the fish community and ecosystem transfer efficiency, 
has potential implications for the marine environment under climate change. The world 
ocean’s oligotrophic regions are expected to expand as a result of climate change 
(Sarmiento et al., 2004; Polovina et al., 2008; Doney et al., 2012). Food chains in warmer, 
oligotrophic oceans are traditionally believed to be longer than other regions, as a result of 
the dominance of smaller phytoplankton (Morán et al., 2010; Sprules and Munawar, 1986; 
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Irwin et al., 2006), which would result in lower rates of energy transfer from primary 
producers to higher trophic levels. Further, recent studies suggest possible climate-driven 
shifts in the dominance of certain zooplankton functional groups, such as salps or jellyfish 
(Atkinson et al., 2004; Richardson et al., 2009; Schofield et al., 2010). Our results indicate 
that, everything else being equal, an increase in the dominance of carnivorous zooplankton 
groups could further decrease the transfer efficiency of expanding oligotrophic regions. 
Conversely, an increase in the abundance of herbivorous groups with a large PPMR, such 
as salps or herbivorous copepods, could decrease the number of trophic levels between 
phytoplankton and fish and thereby increase the transfer efficiency of these future 
oligotrophic regions. 
Overall, increasing the zooplankton community PPMR had the greatest effect on increasing 
the total abundance, productivity and resilience of the fish community (Figure 3.4; Figure 
3.7), and increasing ,- had the greatest effect on the resilience of the system steady state 
(Figure 3.5). Zooplankton have a higher average PPMR and smaller ,- in comparison to 
average observed values for fish, and this difference has enormous implications for 
ecosystem transfer efficiency and stability (Barnes et al., 2010). This means that 
zooplankton feeding characteristics – in particular PPMR and feeding kernel width – are a 
critical component to consider moving forward in how the transfer of energy from primary 
production to higher trophic levels is resolved in marine ecosystem models. This agrees with 
Jennings and Collingridge (2015), who suggest that a poor understanding of energy transfer 
in lower trophic levels is a potential cause for the order of magnitude discrepancy between 
model predictions and observed mesopelagic fish biomass over large spatial scales 
(Davison et al., 2013; Irigoien et al., 2014).  
The large changes in fish biomass and productivity as a result of changes in the zooplankton 
community lead us to assess the implications of assuming a constant phytoplankton 
abundance spectrum within the model. In this study, we assume no feedbacks on the 
phytoplankton community from zooplankton (i.e. predation), however we know from 
empirical studies that the slope of the phytoplankton spectrum does change. The 
phytoplankton spectrum is shallower in eutrophic, upwelling systems – indicating a higher 
abundance of larger individuals such as diatoms - and steeper in oligotrophic systems where 
small-celled phytoplankton dominate (Sprules and Munawar, 1986; Irwin et al., 2006). The 
effects of eutrophy or oligotrophy on higher trophic levels could be investigated by varying 
not only the intercept, but also the slope of the phytoplankton community and incorporating 
feedback from zooplankton predation. 
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Our model did not investigate how changes in the body composition of different zooplankton 
functional groups affects energy transfer from phytoplankton to fish. Gelatinous zooplankton 
have around one-tenth of the carbon content per unit of live mass compared to other groups 
(Kiørboe, 2013) and carbon content as a proportion of weight scales isometrically with 
increasing body size for carnivorous zooplankton (e.g., ctenophores and cnidarians), but 
decreases for filter feeders such as salps (Molina-Ramírez et al., 2015). This would have 
implications for the nutritional value of different zooplankton groups for the fish community, 
and the fish community’s resultant growth rates. Future work could investigate the effect 
zooplankton body composition might have on energy transfer, by varying the average growth 
efficiency of the fish community for different zooplankton functional groups. 
Looking forward, theoretical studies have shown that including more traits than just 
individual body size increases the local stability and resilience of the size spectrum (Datta 
et al., 2011; Zhang et al., 2013) and improves the realism of modelled predator-prey 
dynamics (Boukal, 2014). Recent developments in dynamic size spectrum theory now allow 
multiple functional groups and even species to be resolved within the community spectrum 
(Hartvig et al., 2011; Maury, 2010; Scott et al., 2014) and have been used to represent actual 
fish communities with increasing realism (e.g., Blanchard et al., 2014; Dueri et al., 2014; 
Spence et al., 2016; Zhang et al., 2016). The magnitude of the oscillations in our single-
spectrum zooplankton community indicate that more complexity is needed if we are to 
represent realistic zooplankton communities within a dynamic size spectrum framework. We 
envision the next steps toward this goal would involve a functional group approach, where 
the unique size-based characteristics of multiple size-based zooplankton communities are 
represented, and the model is calibrated and compared with real-world data. The growing 
literature on the size-based behaviour of zooplankton functional groups – coupled with the 
recent theoretical developments in dynamic size spectrum modelling – means size spectrum 
models that resolve both zooplankton and fish may now be within reach. 
To conclude, the results of this study clearly demonstrate what we already know to be true: 
zooplankton are not fish, and nor are they phytoplankton. Current formulations that do not 
resolve the unique feeding characteristics of zooplankton are neglecting a significant factor 
in how energy is transferred from phytoplankton to fish. The results of this study motivate 
further work toward increasing the realism of zooplankton processes in size spectrum 
models, and end-to-end marine ecosystem models more broadly.  
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3.6 Supplementary Information 
 
 
Figure S 3.1 a,b,c) The average fish community production to biomass ratio (P:B) and d,e,f) 
throughput against zooplankton feeding mode (m), feeding kernel width (σ') and average 
growth efficiency (K'), over the last 10 years of the simulation. In each plot, the other feeding 
parameters not specified are held constant at É = 0, σ' = 0.75 and K' = 0.7. 
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Chapter 4  
Global patterns in zooplankton community 
composition: functional traits matter 
 
 
4.1 Abstract 
Zooplankton are the main energy pathway between phytoplankton and fish, and changes in 
the composition of the zooplankton have implications for how energy moves through marine 
food webs. Functional traits, such as body size and predator-prey mass ratio have been 
hypothesised to give rise to zooplankton community composition across global 
environmental gradients, because these traits determine the relative fitness of individual 
zooplankton under different environmental conditions. At the same time, the carbon content 
of different zooplankton groups varies from jellyfish (0.05%) to copepods (~12%), and this 
has implications for how efficiently energy is transferred through these groups to higher 
trophic levels. Here, we explore the role of body size, size-based feeding characteristics – 
including predator-prey mass ratio - and carbon content in structuring the zooplankton 
community across the global ocean. We develop a marine ecosystem model that represents 
these functional traits for nine major zooplankton functional groups (heterotrophic flagellates 
and ciliates, omnivorous and carnivorous copepods, chaetognaths, larvaceans, salps, 
euphausiids and jellyfish). The model is run globally, and the composition and total biomass 
of the zooplankton community emerges from the model, based on the relative fitness of the 
zooplankton groups under varying environmental conditions. Across the global ocean, the 
emergent patterns of abundance for the zooplankton groups broadly agreed with empirical 
distributions, and we identified clear changes in zooplankton community structure. 
Larvaceans, salps, carnivorous copepods and chaetognaths were most prevalent in the 
open ocean. Alternatively, euphausiids and jellyfish dominated in eutrophic regions and 
omnivorous copepods were prevalent everywhere. Our study demonstrates the significant 
role of body size, size-based feeding characteristics and carbon content for structuring the 
zooplankton community across the global ocean. 
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4.2 Introduction 
Zooplankton are the linchpin of the marine ecosystem, serving as the grazers of 
phytoplankton and bacteria, and prey of small fish (Mitra et al., 2014). All marine phyla are 
represented in the zooplankton and this diversity is ubiquitous across the world, with most 
major groups present in every region of the world’s oceans (O’Brien, 2005; Bucklin et al., 
2010). Despite their global presence, the composition of the zooplankton community is not 
constant, with groups dominating under different biotic and abiotic regimes depending on 
their relative fitness (Barton et al., 2013). Variation in the zooplankton has implications for 
how efficiently energy moves through the marine food web from oligotrophic (low primary 
production) to eutrophic (high primary production) regions, with implications for ecosystem 
resilience, fisheries catch, and overall productivity (Friedland et al., 2012; Jennings and 
Collingridge, 2015; Heneghan et al., 2016; Dam and Baumman, 2017). Therefore, resolving 
the mechanisms that drive shifts in zooplankton community composition across 
environmental gradients is critical to understanding and predicting how marine ecosystems 
function. 
The most common assumption with respect to zooplankton in current marine ecosystem 
modelling efforts is that the zooplankton community does not vary across time or space 
(Everett et al., 2017). This is an understandable shortcoming – the zooplankton community 
exhibits tremendous taxonomic diversity, cannot be measured from space as phytoplankton 
can, and is difficult to measure in situ. An alternative to resolving taxonomic diversity is to 
model organisms based on functional traits, such as body size, body composition and 
feeding strategy, since these are factors that determine an organism’s relative fitness (McGill 
et al., 2006; Litchman et al., 2013; Blanchard et al., 2017; McConville et al., 2017). In the 
past 10 years, the functional trait-based approach has been widely applied to explain the 
distribution of phytoplankton groups (e.g., Follows et al., 2007; Edwards et al., 2013), and 
there is a growing literature applying the approach to higher trophic levels (e.g., Fuchs and 
Franks, 2010; Blanchard et al., 2014, Brun et al., 2016).  
Body size is a major determinant of the trophic position of zooplankton in the marine food 
web (Andersen et al., 2016a) and the size-based feeding behaviour of different zooplankton 
groups structures the zooplankton community across oligotrophic and eutrophic systems 
(Mitra and Davis, 2010; Barton et al., 2013). Zooplankton are the primary grazers of 
phytoplankton, which span up to nine orders of magnitude in body size – from picoplankton 
(0.2 - 2 µm equivalent spherical diameter, ESD; 10-14.5 – 10-11.5g wet weight) to 
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microplankton (>20 µm ESD; >10-8.4 g wet weight). Moreover, the size structure of 
phytoplankton changes across environmental gradients (Agawin et al., 2000; Brewin et al., 
2010; Barnes et al., 2011). Phytoplankton communities in nutrient rich coastal and upwelling 
eutrophic systems have greater abundance and proportion of microplankton – a higher 
intercept and flatter abundance size spectrum slope (Figure 4.1). In low nutrient oligotrophic 
systems, phytoplankton is less abundant and dominated by picoplankton (<2 µm ESD), with 
little or no microplankton (>20 µm ESD). In terms of the phytoplankton abundance spectrum, 
this means a lower intercept and a steeper slope (Figure 4.1). Changes in the size structure 
of the phytoplankton have implications for the structuring of the zooplankton community, 
which in turn affects how primary production is transported to higher trophic levels. This is 
because zooplankton exhibit vast diversity in their feeding behaviour, with preferred 
predator-prey mass ratios (PPMRs) varying over 7 orders of magnitude across different 
functional groups, from ~10 for carnivorous copepods to ~10∑ for salps and larvaceans 
(Wirtz, 2012).  
Different preferred PPMRs mean that zooplankton do all not share the same prey size range. 
Therefore, depending on the size structure of the phytoplankton, certain zooplankton groups 
will have more prey than others in different regions. For instance, omnivorous copepods and 
euphausiids with large PPMRs (10% − 10∏) feed mostly from the microplankton (Sommer et 
al., 2002). We hypothesise these groups would dominate in eutrophic regions where the 
phytoplankton community has a higher proportion of microplankton.  
In contrast, picoplankton make up the bulk of the phytoplankton biomass in oligotrophic 
systems. These small phytoplankton mostly fall out of the prey size range of omnivorous 
copepods and euphausiids. Instead, omnivorous copepods and euphausiids would 
consume heterotrophic protists such as flagellates and ciliates that feed on the picoplankton. 
This would increase their trophic position to that of other carnivorous zooplankton such as 
chaetognaths and carnivorous copepods. Therefore, we hypothesise that these exclusively 
carnivorous groups will make up a higher proportion of the zooplankton community in 
oligotrophic systems. However, larvaceans and salps have very large PPMRs of ~10∑ 
(Diebel and Lee, 1992; Wirtz, 2012) and can directly access the picoplankton for food (Bone, 
1997; Sutherland et al., 2010), therefore we hypothesise that larvaceans and salps could 
make up a larger proportion of the zooplankton community in oligotrophic systems, where 
picoplankton is abundant.  
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Jellyfish are the largest zooplankton; they share the same size range as small fish but can 
reach up to 1 tonne in the case of the lion’s mane jellyfish (Levinton, J., 2013). Their size 
and PPMR of ~3 (Hansen et al., 1997; Acuña et al., 2011) mean that jellyfish are carnivores, 
competing with small fish to feed on smaller zooplankton and fish larvae. Their low carbon 
content and inflated body size mean that jellyfish face few predators – relative to fish of the 
same size - and can increase their biomass quickly in response to increases in prey (Pauly 
et al., 2009; Acuña et al., 2011). This suggests that jellyfish are more affected by changes 
in their prey than top-down control from predators (Pauly et al., 2009). Therefore, we expect 
jellyfish to make up a larger proportion of the zooplankton community in eutrophic systems, 
where prey is more abundant.  
A zooplankton community dominated by more gelatinous groups offers less nutritional value 
and growth potential for higher trophic levels. This means that resolving the carbon content 
of the different zooplankton is necessary to resolve the implications of changing zooplankton 
community composition for energy transfer from phytoplankton to fish. Moreover, the carbon 
content of different zooplankton groups affects their relative fitness under varying 
environmental conditions. Carbon is the primary structural component of zooplankton 
(Kiørboe, 2013), and critical physiological and competitive processes such as metabolism, 
search rate, and average growth efficiency scale with carbon across zooplankton groups 
(Acuña et al., 2011; Kiørboe, 2011; Kiørboe and Hirst, 2014; McConville et al., 2017). This 
means that changes in carbon content affects the relative fitness of different zooplankton 
groups. For example, because respiration scales with carbon weight, jellyfish biomass, 
which is only 0.5% carbon, is metabolically cheaper to build and maintain than copepod 
biomass, which is 12% carbon (Kiørboe and Hirst, 2014). At the same time, because search 
rate also scales with carbon content across zooplankton groups (Kiørboe, 2011), a jellyfish 
of a certain wet weight has a lower search rate than a copepod of the same weight.  
Resolving the carbon content, size-based feeding characteristics and body sizes of major 
zooplankton functional groups are critical to accurately resolving changes in zooplankton 
community composition, across varying environmental conditions. This idea is not entirely 
new; almost 25 years ago Hansen et al., (1994) hypothesised that with knowledge of the 
size selectivity of different zooplankton groups, it would be possible to construct a simple 
size-based model of the pelagic food web. The extensive and growing literature on the size-
dependency of zooplankton feeding strategies (e.g., Fuchs and Franks, 2010; Kiørboe, 
2011; Wirtz, 2012), coupled with recent developments in functional size-based ecosystem 
modelling (Blanchard et al., 2017) means that testing this hypothesis is now possible. 
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Here, we explore how body size, size-based feeding characteristics and carbon content 
affect the composition and total biomass of the zooplankton community globally. We 
developed a functional size spectrum model that breaks the marine ecosystem into three 
components; phytoplankton, zooplankton and fish. The model resolves the size ranges, 
size-based feeding characteristics and carbon content of nine of the most abundant 
zooplankton functional groups: heterotrophic flagellates and ciliates, omnivorous and 
carnivorous copepods, larvaceans, euphausiids, salps, chaetognaths and jellyfish). Across 
the global ocean, the model is initialised with the same zooplankton community composition 
and community structure emerges, based on the traits of the different groups.  
We separate our findings into two parts. First, we explore how the emergent zooplankton 
community composition changes across environmental gradients. We identified clear 
changes in the emergent zooplankton community across the global ocean, with salps, 
larvaceans, carnivorous copepods and chaetognaths most prevalent in the in oligotrophic 
open ocean, omnivorous copepods prevalent everywhere, and euphausiids and jellyfish 
dominating in eutrophic waters. Second, we compared the emergent abundances of the 
zooplankton groups from the functional size spectrum model with empirical distributions. 
These empirical distributions of different zooplankton groups were determined using 
generalised additive models (GAMs; Wood, 2017), based on in situ sampled abundance 
data and environmental variables.  We found that the emergent distributions from the size 
spectrum model broadly agreed with the empirical distributions calculated from the GAMs. 
Our study is the first to demonstrate how functional traits such as body size, size-based 
feeding behaviour and carbon content give rise to the zooplankton community across global 
environmental gradients, and is a step forward to improving our understanding of food web 
structure and ecosystem function across global environmental gradients. 
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Figure 4.1 Change in phytoplankton community size structure across eutrophic (high 
chlorophyll) and oligotrophic (low chlorophyll systems). 
 
4.3 Methods 
We used the functional size spectrum framework (Blanchard et al., 2017) to incorporate the 
body size ranges, size-based feeding characteristics and carbon content of nine of the most 
abundant zooplankton groups and three fish communities. Our model is run across the 
global ocean (broken into 5x5 degree grid squares) with annual average sea surface 
temperature and chlorophyll a concentration serving as environmental inputs. To test how 
well the theoretical size spectrum model captures observed patterns of zooplankton 
abundance, we compare the emergent abundances for the different groups with empirical 
distributions. Empirical distributions of different zooplankton groups were determined using 
generalised additive models (GAMs), based on in situ data and environmental variables. 
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 Overview of the size spectrum model 
We represented the marine size spectrum as three communities: phytoplankton, 
zooplankton and fish. The zooplankton community consists of nine of the most abundant 
zooplankton groups, and the fish community was made up of a small, medium and large 
group (Figure 4.2; Table 4.1, 4.2, 4.3).  
 
 
 
In keeping with past size spectrum models, the dynamics of the phytoplankton are not 
explicitly resolved in the model, with the phytoplankton size spectrum serving as a static 
resource for zooplankton (Blanchard et al., 2009; Law et al., 2009; Guiet et al., 2016; 
Heneghan et al., 2016). This is because the size structure of the phytoplankton community 
can be estimated directly from satellite chlorophyll a observations (Brewin et al., 2010; 
Barnes et al., 2011; Hirata et al., 2011). The abundances of all the zooplankton and fish 
groups are driven by the size-dependent processes of growth and mortality, with the 
temporal dynamics of each functional group governed the second-order McKendrick-von 
Foerster (MvF) equation, IIJ <K(;, J) = − II; MNK(;, J)<K(;, J)O − PK(;, J)<K(;, J) + 12 STS;T MUK(;, J)<K(;, J)O. 
The density of individuals in group V of weight ; at time J per ÉW%  is given by <K(;, J) and 
their individual growth, mortality and diffusion rates are denoted by NK(;, J), PK(;, J) and 
Figure 4.2 Conceptual illustration of the functional size spectrum model. 
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UK(;, J), respectively.  The diffusion term incorporates demographic variation in the growth 
rates of each community: individuals in the same functional group starting at the same 
weight grow differently over time (Datta et al., 2010).  
We used the MvF equation to govern the dynamics of both fish and zooplankton 
communities for several reasons. First, the MvF equation is a popular choice for modelling 
fish-focused size spectrum models, and it is similar to the governing equations in plankton-
focused size-based models (Baird and Suthers, 2007; Fuchs and Franks, 2010; Zhou et al., 
2010; Ward et al., 2012). Second, the recent developments in functional size spectrum 
modelling discussed in Chapter 2 have been developed with the MvF equation. To take 
advantage of these developments, and in keeping with vision of a unified modelling 
framework from bacteria to whales, it is appropriate to use the MvF equation for both 
zooplankton and fish communities in the model we develop here. Finally, a recent model 
developed by Cuesta et al., (2018) uses a variant of the MvF equation as the governing 
equation for the dynamics of unicellular autotrophs and heterotrophs. The approach taken 
by Cuesta et al., (2018) indicates that the MvF equation is a suitable choice as the governing 
equation for both unicellular and multicellular zooplankton functional groups. This also 
means that future model developments resolving the dynamics of the phytoplankton could 
be achieved with the same – or similar - governing equation as the zooplankton and fish 
communities. Similarly, zooplankton exhibit vast diversity in their life-histories and 
reproductive strategies (Litchman et al., 2013), and the wide-usage of MvF-type equations 
in fish and plankton-focused models means that it is an appropriate framework to build off 
in future model iterations that include more of the diversity of the zooplankton (e.g., 
reproductive strategies) than we do here. 
From the perspective of a predator from group V, the feeding rate on prey group j depends 
on the density of suitable prey (g m-3), using a simple type 1 functional response:  
																								_Kd(;, J) = ∫ aK(;,;b)<d(;b, J);be;bffg , (E	4.1)
where aK(;,;b) (E 4.9, Table 4.1; all subsequent equations are also found in Table 4.1) is 
the probability a predator of size ; would consumer an individual of size ;’. The growth rate 
of a predator from group V, of size ; at time J is fuelled by the consumption and conversion 
of prey biomass to new biomass (g yr-1):                                  NK(;, J) = ∫[K(;)∑ ººKd_Kd(;, J)d , (E	4.2) 
where [K(;) is the predator’s search rate (E 4.11), ººKd is the growth conversion efficiency 
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for predators from group V consuming prey from group Ω (E 4.12) and τ is the effect of 
temperature on ingestion for group V (E 4.3). We used a type 1 functional response because 
it is the simplest parameterisation of feeding behaviour. A type 2 functional response is more 
commonly used in fish-focused functional size spectra models (e.g., Blanchard et al., 2014), 
however we did not find sufficient information on how maximum consumption scales with 
body size for the different zooplankton groups in the literature (but see Hansen et al., 1997; 
Wirtz, 2013; Kiørboe and Hirst, 2014). The main drawback of the type 1 functional response 
is that it ignores the effect of satiation at high food densities. This means that the throughput 
of energy through the zooplankton and fish groups could be unrealistically high in eutrophic 
areas. However, the effect of high growth rates would be the same across all functional 
groups, and so would not affect their relative fitness.  
Temperature effects are represented using the modified Arrhenius equation: 
∫ = exp	 ≠25.55 − Å.Ç%∑.ÇT×)Åø¿	¡Æ , (E	4.3)  
where x is the temperature in Kelvin (Jennings et al., 2008; Blanchard et al., 2012; 
Woodworth-Jefcoats et al., 2015). For each 5x5 degree region, we obtained temporally and 
spatially averaged satellite sea surface temperature from MODIS-Aqua (accessed via the 
GIOVANNI portal: https://giovanni.gsfc.nasa.gov/giovanni/). 
From the perspective of the prey, the total mortality from predation by the larger size classes PC(;, J) (yrW)) is given by:  
PC(;, J) = ∫c` ad(;b, ;)[d(;b)<d(;b, J)e;bûG üfd , (E	4.4) 
where FGd is the maximum size of a predator from group Ω. Since individuals grow through 
time, an additional source of mortality from senescence was incorporated that increased 
with body size (yrW)): 
Pä^(;, J) = ∫I o fû¬^		q√ , (E	4.5)  
where Fã^	is the body size after which senescence mortality rapidly increases for an 
individual from group V. This senescence mortality term also acts as a closure term for the 
largest size classes, by preventing a build-up of large individuals who are not exposed to 
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predation (Andersen et al., 2016b). For an individual of size ;, at time J, from group V, total 
mortality PK(;, J) (yrW)) is given by summing predation and senescence mortality (yrW)): PK(;, J) = 	PC(;, J) +	Pä(;, J). (E	4.6) 
Finally, the second-order diffusion term for an individual from group V of size ; at time J is  
(gT	yrW)): UK(;, J) = 	[K(;)cM∫ººKdOT ` (;b)TaK(;,;b)<d(;b, J)e;bffgd . (E	4.7) 
 Parameterising the static phytoplankton abundance spectrum 
We split the global ocean into 5x5 degree regions. We split the global ocean into 5x5 degree 
regions. The density of phytoplankton of size ; at time J is given by: 
<X(;, J) = ?;@. (E	4.8) 
For each region, the slope a, intercept b and maximum size of the static phytoplankton 
spectrum were derived from temporally and spatially averaged satellite chlorophyll a 
obtained from MODIS-Aqua (accessed via the GIOVANNI portal: 
https://giovanni.gsfc.nasa.gov/giovanni/), using the synoptic model developed by Brewin et 
al., (2010). The Brewin model gives an estimate of the percentage contribution of 3 
phytoplankton size classes - pico (0.2-2 Pm ESD), nano (2-20 Pm ESD) and micro (>20 Pm 
ESD) – to the total chlorophyll a concentration (mg m-3). Pico-phytoplankton comprise ~60% 
of the biomass in oligotrophic waters, declining to around 10% in eutrophic waters as micro-
phytoplankton increase from <5% in oligotrophic waters to ~45% in eutrophic waters, and 
nano-phytoplankton increase marginally from 30% in oligotrophic to 45% in eutrophic waters 
(Figure 4.3 a, b, c). 
The contribution of micro phytoplankton, and the phytoplankton community’s maximum size 
increases with chlorophyll a concentration (Brewin et al., 2010; Hirata et al., 2011; Barnes 
et al., 2011). We incorporated this relationship by linearly increasing the maximum size of 
the micro group from 21 - 60 Pm ESD, depending on the percentage contribution of the 
micro group to total chlorophyll a. We used 60 Pm as the maximum possible ESD for the 
phytoplankton following Barnes et al.’s (2011) finding that 90% of phytoplankton fall below 
55-65 Pm across polar, tropical and upwelling environments. Total chlorophyll a 
concentration for each of the 3 size classes was converted to grams wet weight (assuming 
1 g chlorophyll a = 50 g C; Zhou et al., 2010, and 1 g C = 10 g wet weight; Hansen et al., 
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1994, Boudreau & Dickie, 1992, Woodworth-Jefcoats et al., 2013) and the three size ranges 
were also converted from ESD to grams wet weight (assuming 1 cm3 = 1 g wet weight; 
Boudreau & Dickie, 1992).  
Total biomass in each of the size ranges was then spread uniformly across each size range 
(Sheldon et al., 1972; Blanchard et al., 2009; Woodworth-Jefcoats et al., 2013; Barange et 
al., 2014) before being converted to numerical abundance. Finally, slope and intercept were 
determined by calculating the line of best fit through the log-transformed phytoplankton 
abundances, from the smallest to the largest size class. Our phytoplankton slope estimates 
for the global ocean ranged from -1.1 to -0.8 (Figure 4.3 d), which is within the range reported 
by previous empirical studies (Moreno-Ostos et al., 2015).  
 
Figure 4.3 Global maps of the phytoplankton community. Proportion of phytoplankton that 
is a) picoplankton (< 2µm ESD), b) nanoplankton (2µm − 	20µm ESD), c) microplankton (>20µm ESD), and d) the slope distribution of the phytoplankton abundance spectrum. 
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Table 4.1 Model equations with their units and in-text reference numbers. 
Description Equation Units Equation 
Number 
Growth and mortality:    
Density of suitable prey from 
group j for group V _Kd(;, J) = ` aK(;,;b)<d(;b, J);be;bffg  g	mW% E 4.1 
Individual growth rate for group V NK(;, J) = ∫	[K(;)cººKd_Kd(;, J)d  g	yrW) E 4.2 
Temperature effect for group V ∫ = exp	 í25.55 − 0.638.62 × 10WÄ	xì - E 4.3 
Individual predation rate PC(;, J) = ∫c` ad(;b, ;)[d(;′)<d(;b, J)e;b	ûG üfd  	yrW)  E 4.4 
Senescence mortality Pä^(;, J) = ∫	I o ;Fã^	q√ yrW) E 4.5 
Total mortality PK(;, J) = 	PC(;, J) +	Pä(;, J) yrW) E 4.6 
Individual diffusion term for group V UK(;, J) = 	[K(;)c(∫ººƒd)T ` (;b)TaK(;,;′)<d(;b, J)e;′ffgd  	gT	yrW)  E 4.7 
Phytoplankton spectrum <X(;, J) = ?;@ #	mW% E 4.8 
Functional traits:    
Size selection for group V aK(;,;b) = exp °−Mln(pK(;);b/;)OT/2,KT¢ /M,K√2vO - E 4.9 
Feeding kernel width parameter 
for group V ,K = 0.05log)ÅMp∆G O + 	0.33  E 4.10 
Search rate for group V [K(;) = 	«K	\K;]^ m%	yrW)W) E 4.11 
Average growth efficiency for 
predator of group V eating prey of 
group j 
ººKd = 0.25«d«K - E 4.12 
Lower boundary condition for 
group V <K(;K, J) = 	©Kc<d(;K, J)d»K  #	mW% E 4.13 
 
 Incorporating functional traits 
The zooplankton groups and the fish community were defined by size range, preferred 
predator-prey mass ratio (PPMR), feeding kernel width, and carbon-wet weight ratio (Table 
4.2; Figure 4.4).  
4.3.3.1 PPMR and diet 
Size spectrum models parameterise prey preference for predators of certain size using the 
preferred predator prey mass ratio (PPMR), which is the ratio of a predator’s body size, 
against its preferred prey body size. For fish, preferred PPMR can be difficult to determine, 
because realised PPMRs from stomach content analysis are biased by the size distribution 
of prey. Since smaller prey are more abundant than larger ones, realised PPMR for fish is 
always larger than preferred PPMR (Hartvig et al., 2011; Tsai et al., 2016). This means that 
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using realised PPMRs to parameterise size spectrum models is not ideal. In keeping with 
previous studies, preferred PPMR for the fish communities was held constant at 100 across 
their size ranges (Hartvig et al., 2011; Andersen et al., 2016b). 
Fortunately, the issue of realised versus preferred PPMR is simpler for zooplankton, 
compared to fish. Realised PPMR for zooplankton is difficult to observe; their small size 
means that gut content analysis is not easily possible. However, their small size does mean 
that preferred PPMR can be obtained directly from experimental studies, where prey size 
selectivity of different zooplankton groups is reported only after it is normalised against the 
density of prey of different sizes (e.g., Hansen et al., 1994). By normalising for density of 
different size prey, experimental studies reporting the size selectivity of different zooplankton 
functional groups give preferred PPMR. This is in contrast to observational stomach content 
studies for fish, which report realised PPMR as they are unable to control for the density of 
different size prey. 
The preferred PPMR for the fish communities is invariant with body size, however across 
zooplankton taxa, the predator-prey mass ratio (PPMR) increases with predator size, due to 
the non-isometric scaling of feeding-related apparatus with body size (Pearre, 1980; Wirtz, 
2012). We used the mechanistic formulation from Wirtz (2012) to calculate the PPMR range 
for each zooplankton group. Wirtz (2012) links PPMR to a quantitative measure of the 
feeding mode: raptorial, active feeding is linked to a lower PPMR because predators eat 
prey closer to their own size. By contrast, passive, suspension feeding yields a higher 
PPMR.  
The body sizes and relatively high PPMRs of salps, larvaceans and omnivorous copepods 
means that these groups feed exclusively on phytoplankton, heterotrophic flagellate and 
ciliate communities. Euphausiids also have high a PPMR range, but not as large as salps 
and larvaceans, which means that their largest size classes also access smaller copepods, 
larvaceans and euphausiids, consistent with their diet in the oceans (Schmidt and Atkinson, 
2016). The low PPMR ranges of carnivorous copepods, chaetognaths and jellyfish, coupled 
with their larger body size means that these groups are almost totally carnivorous, we further 
restricted their diets so that they do not feed on phytoplankton at all, which is consistent with 
most current understandings (Terazaki, 2000; Purcell and Arai, 2001). 
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4.3.3.2 Prey size selection 
The range of available prey sizes for an individual predator of body size ; from group V is 
defined by a log-normal feeding kernel, centred on the predator’s predator-prey mass ratio 
(PPMR; pK(;)) and a standard deviation (,K) given by the kernel width parameter for that 
predator’s group:                    
aK(;,;b) = exp k−lln opK(;);b; qrT /	2,KTt /M,K√2vO. (E	4.9) 
A wider feeding kernel means a predator can feed from a larger size range of prey. For 
zooplankton, feeding kernel width is positively correlated with PPMR (Hansen et al., 1994; 
Fuchs and Franks, 2010; Kiørboe, 2016); filter feeders such as larvaceans or salps with a 
large average PPMR feed over a wider size range than carnivorous copepods or heterotopic 
flagellates. We used the empirical model developed by Fuchs and Franks (2010) to link the 
feeding kernel width of each zooplankton group (,K), to that group’s average PPMR (p∆G ): ,K = 0.05log)ÅMp∆GO + 	0.33. (E	4.10) 
The feeding kernel width for the fish communities were held constant at 1.3 (Andersen et 
al., 2016b). 
4.3.3.3 Search rate 
The search rate of individual zooplankton scales with body carbon, across seven functional 
groups (including heterotrophic flagellates and ciliates, copepods and jellyfish) and 12 
orders of magnitude in body size (Kiørboe, 2011). This means that, per unit of wet weight, 
more gelatinous groups will have a lower search rate, compared to more carbon dense 
functional groups. Carbon content is incorporated into the search rate equation [K(;) as a 
multiplier. For an individual of group V, with carbon content «K of wet weight body size ;, the 
search rate (m-3 yr-1) is: [K(;) = 	«K	\K;]^, (E	4.11) 
where \K is the search rate coefficient (gW|…  m-3 yr-1) and yK is the exponent of the search 
rate. The search rate coefficient \K and exponent yK are different for the zooplankton and 
fish communities (Kiørboe, 2011, Andersen et al., 2016b; see Table 4.3).  
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4.3.3.4 Growth conversion efficiency and carbon content  
Straile (1997) found that average growth conversion efficiency (GE) – as a measure of prey 
carbon converted to predator carbon – was fixed at around 0.25 across a large range of 
zooplankton taxa. This agrees with the hypothesis that prey groups with a comparatively 
higher carbon content and energy density contribute more to predator wet-weight growth in 
comparison to lower carbon groups such as jellyfish (Spitz et al., 2010; Kiørboe, 2013; Mitra 
et al., 2014). In terms of wet weight, the GE of a group i predator on a group j prey is  
ººKd = 0.25 í«d«Kì , (E	4.12) 
where «d and «K are the carbon-wet weight ratios of group Ω and V, respectively.  
 Figure 4.4 Overview of the size ranges of the model’s functional groups (solid boxes), and 
their prey size ranges (dashed boxes). 
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Table 4.2 Parameter values for the nine zooplankton and three fish groups. 
Group Min. Size, !" Max Size, #$	&&&& log10PPMR 
range, '"(!) Feeding Kernel Width, *" Carbon - Wet Weight Ratio, +" Length ESD log10(g)* Length ESD log10(g)* 
Hetero. Flagellates  - 3	µma -10.7a - 70 µma -6.8a  0.2 – 0.72 0.363^ 0.154 
Hetero. Ciliates - 10 µmb -9.3b - 100 µmb -6.3a  2.5 – 2.92 0.473^ 0.154 
Larvaceans 80	µmc 100 µmc -6.3c 3 mmc 2 mmc -2.3c  6.8 – 7.87 0.73^ 0.019 
Omni. Cop. - 60 µmd -7.5d 2.8 mme 0.9 mme -3.5e  3.6 – 4.62 0.573^ 0.129 
Carn. Cop. - 60 µmd -7.5d 6 mme 1.8 mme -2.5e  0.8 – 1.92 0.43^ 0.129 
Euphausiids - 0.6 mmf -4.2f 6 cmg 1.5 cmg 0.3g  6.6 – 7.83,15 0.703^ 0.129 
Chaetognaths 1 mmh 150 µmh -5.9h 4 cmh 6 mmh -0.9h  1.9 - 3.416 0.463^ 0.049 
Salps 0.5 mmi 0.5 mmi -4.3i 1.9 cmi 1.6 cmi 0.6i  6.8 – 8.52 0.73^ 0.019 
Jellyfish - 1 mmj -3j - 15 cmj 2.6j  2.7 – 4.71 0.523^ 0.0059 
Small Fish - 1 mmk -3k - 6 cm 2  221 1.322 0.1023 
Medium Fish - 1 mmk -3k - 27 cm 4  221 1.322 0.1023 
Large Fish - 1 mmk -3k - 125 cmk 6k  221 1.322 0.1023 
* g wet weight calculated from ESD, assuming 1 gram = 1 cm3. 
^ Feeding kernel widths were calculated with the empirical equation derived in (3), using mean log10(PPMR) for this group. 
 
Size range source notations: a: From Table 3 in (1), b: From figure 1 in (5), c:  Minimum and maximum larvacean trunk lengths taken from (6) and (8) respectively, and 
converted to ESD and wet weight using equation derived in (7), d: Carbon mass obtained from supplementary material in (10), converted to wet weight and ESD using 
carbon: wet weight ratio from (9) e: Maximum omnivorous and carnivorous copepod lengths taken from (11) and converted to ESD and then wet weight using equation 
derived in (12), f: Euphausiid embryo ESD from figure 2 in (13), g: Maximum length taken from supplementary material in (3) and converted to ESD and wet weight 
using equation from (14), h: ESD from supplementary material in (3), derived using head width: body length ratio from (16) i: Minimum and maximum salp length taken 
from (17) and converted to ESD and wet weight using equation derived in (18), j: Taken from supplementary material in (19), k: Maximum fish community size taken 
from (20). 
 
1. Hansen et al. (1997), 2. Wirtz (2012), 3. Fuchs and Franks (2010), 4. Menden-Deuer and Lessard (2000), 5. Taylor (1978), 6. López-Urrutia (2004), 7. Deibel (1998), 
8. Hopcroft et al. (1998), 9. Kiørboe (2013), 10. Kiørboe & Hirst (2014), 11. Benedetti et al. (2016), 12. Azevedo and Dias (2012), 13. Kawaguchi et al. (2011), 14. 
Meyer and Teschke (2016),  15. Schmidt and Atkinson (2016), 16. Pearre (1982), 17. Henschke et al. (2016), 18. Heron (1988), 19. Acuña et al. (2011), 20. Heneghan 
et al. (2016), 21. Kerr and Dickie (2001), 22. Andersen et al., (2016b), 23. Pauly and Christensen (1995).
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Table 4.3 Model parameter values. 
Symbol Definition Value Unit Source ! Coefficient of search rate  !" = 7450	!) = 6400 g	,-.m,0yr,3 1 2 4 Exponent of search rate 4" = 1 4) = 0.8 - 1 2 89 Body size at which 
senescence mortality 
begins 
0.018:  g 5,6 
; Coefficient of senescence 
mortality 
0.05 g,<yr,3 5,6 = Exponent of senescence 
mortality 
0.3 - 5,6 > Relative abundance of 
smallest size class 
Flagellates = 1 
Ciliates = 0.5 
Larvaceans = 0.3 
Omni. Copepods = 0.3 
Carn. Copepods = 0.7 
Euphausiids = 0.7 
Chaetognaths = 0.3 
Salps = 0.1 
Jellyfish = 0.2 
Fish = 1 
- See 4.3.5.1 
Z, zooplankton; F, fish. 
1. Kiørboe, 2011, 2. Peters 1983, 3. Jennings et al., 2008, 4. Blanchard et al., 2012, 5. Hall et al., 2006, 6. 
Heneghan et al., 2016. 
 
 Testing the size spectrum model  
To assess the size spectrum model, we used generalised additive models (GAMs, Wood et 
al. 2007), which modelled the relationship between in situ sample data, and environmental 
variables and sampling equipment. GAMs were used to model the relationship between 
sampled abundances for each zooplankton group (excluding flagellates and ciliates), and 
chlorophyll a, sea surface temperature, bathymetry, time of year, and the sample equipment 
(gear type and mesh size). We used GAMs because they make few assumptions about the 
relationship between explanatory and predictor variables, and they are an increasingly 
popular choice for extrapolating patchy sample data using environmental variables (Drexler 
and Ainsworth, 2013; Rutterford et al., 2015). The “mgcv” package (version 1.8-15) in the R 
program (R Development Core Team, 2016) was used to build the GAMs. 
Using GAMs, instead of simply the raw data, added complexity to the model validation that 
was unavoidable. Zooplankton observations were collected using a range of mesh sizes and 
sampling gears, from over a dozen cruises since 1958, and different sampling equipment 
and methods can lead to very different samples (Everett et al., 2017). We could control for 
the effect of gear and mesh type on sampled abundance by including them as explanatory 
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variables in the GAMs. Further, the relationship between zooplankton abundance and 
environmental factors, such as sea surface temperature, are not static across time or space. 
For example, zooplankton experience blooms following seasonal phytoplankton blooms and 
busts, which are characteristic in temperate and polar waters (Mann and Lazier, 2006). This 
means that the sampled zooplankton abundance in any given location would be different 
depending on the time of year. What is more, the magnitude of the change in abundance 
across the year is larger in colder regions with greater seasonal cycles compared to more 
stable tropical locations. This makes it difficult to compare the emergent abundances from 
the theoretical model – which does not incorporate seasonality – with in situ data taken at 
different times across the year. Although GAMs added complexity, they allowed us to control 
for these factors and wrangle the data into a form that we could use for model validation 
(Everett et al., 2017). Indeed, we believe the empirical abundance and biomass fields we 
developed here could be useful for assessing and initialising current and future zooplankton 
models. 
For each group, we calculated the predicted annual mean empirical abundance by 
averaging over the predicted abundances for all twelve months, and all gear and mesh factor 
levels. Empirical annual abundance maps and emergent abundance maps from the size 
spectrum model were then compared using Pearson’s correlation coefficient. We focussed 
on comparing the emergent distribution patterns, over the absolute abundances calculated 
from the GAMs and the size spectrum model. This is because of the difference between 
sampled abundance data used to build the GAMs, and the abundances calculate from the 
size spectrum model. The GAMs were constructed using sampled abundance data taken 
with dozens of different gears and mesh sizes, over the past 60 years. However, for each 
group, there are many mesh sizes and gear types that are not suitable to capture the 
abundance of smaller zooplankton, biasing the sampled abundances to larger zooplankton 
(Everett et al., 2017). This means that the sampled abundances – and therefore the 
abundances predicted with the GAMs – are only capturing a fraction of the actual 
abundances of the different zooplankton groups. In contrast, the abundances from the size 
spectrum model were obtained by simply adding up the total number of individual 
zooplankton across their entire size ranges. This means we are counting 100% of the 
zooplankton from the size spectrum model, whereas the sampled abundances from the 
GAMs only capture some fraction of the total real-world abundances of the different 
zooplankton groups. 
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4.3.4.1 Data sources and handling 
Samples of the abundance of different zooplankton groups in the top 200 m of the water 
column from 1958 to the present were obtained from the COPEPOD (O’Brien, 2005; 
https://www.st.nmfs.noaa.gov/copepod/) and IMOS (http://imos.org.au/) databases. Each 
observation contained information on location and time, sampled abundance (# m-3), 
species or taxonomic group, and the gear type and mesh size used to obtain the sample. 
To ensure a consistent data quality, we only included data that was originally recorded in # 
m-3, or # per haul with the total # m-3 for the haul recorded. To incorporate seasonality 
uniformly across the globe, we standardised the time of year for all observations from the 
southern hemisphere to the corresponding month in the northern hemisphere. For example, 
an observation taken in January (southern hemisphere summer, northern hemisphere 
winter) in the southern hemisphere was treated as an observation taken in July in the 
northern hemisphere (northern hemisphere summer). 
Monthly local sea surface temperature, chlorophyll a concentration and bathymetry were 
obtained for each zooplankton sample. Since zooplankton data extended back to 1958, we 
used mean monthly climatologies for sea surface temperature and chlorophyll a from 2002 
– 2016, obtained from MODIS-Aqua 4km measurements, accessed via the GIOVANNI 
portal (https://giovanni.gsfc.nasa.gov/giovanni/). Bathymetry data was obtained from 
GEBCO (https://www.gebco.net/).  
For each zooplankton group, recorded abundances from the same sample that were 
separated by species were summed to obtain the total group abundance for that sample 
(Figure 4.5). For copepods, a similar process was followed but only after the dataset was 
split into carnivorous and non-carnivorous (omnivorous) groups using diet information from 
the literature (Wickstead, 1961; Davis, 1984; Huys and Boxshall, 1991; Boxshall and Halsey, 
2004; Rakhesh et al., 2008). In total, we had thousands of aggregated samples for each 
zooplankton functional group - between 2,707 for salps (Figure 4.5 f) and 21,203 for 
omnivorous copepods (Figure 4.5 b). 
For all groups, but especially for salps (Figure 4.5 f) and larvaceans (Figure 4.5 a), we did 
not have complete latitudinal coverage in our data, so we restricted our predictions to 
latitudes that contained 85% of the data (larvaceans: ±38°, omnivorous copepods: ±48°, 
carnivorous copepods: ±43°, chaetognaths: ±50°, euphausiids: ±42°, salps: ±38°, jellyfish: ±40°). 
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Figure 4.5 Data locations for a) Larvaceans, b) Omnivorous Copepods, c) Carnivorous 
Copepods, d) Chaetognaths, e) Euphausiids, f) Salps and g) Jellyfish. Number of data points 
(n) calculated after aggregating observations by functional group and sample given in 
parentheses. 
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4.3.4.2 Statistical modelling 
We built seven GAMs, one for each of the zooplankton groups (excluding flagellates and 
ciliates), with the response variable being abundance. After viewing residual plots, we log-
transformed the response for each zooplankton group (abundance) and chlorophyll a – to 
improve assumptions of homogeneity of variance and normality. We incorporated sample 
gear type and mesh size by treating unique combinations of these variables as discrete 
factor levels. Chlorophyll a and bathymetry (depth) were fitted using thin plate regression 
splines with five degrees of freedom.  
The seasonal cycle of zooplankton changes with latitude, with greater seasonality toward 
the poles. However, as latitude and temperature is strongly correlated (C	 = 	−0.92, p < 
0.001), we included a term to assess how the seasonal cycle changed with temperature 
rather than with latitude. To include this variable relationship between abundance and both 
temperature and day of year, we included a tensor smooth term with both predictors. This 
produces a surface of abundance in relation to temperature and day of year.  
We checked our environmental variables for collinearity using Pearson’s correlation 
coefficient (C). The maximum correlation was between log10(chlorophyll a) and depth (C	 =	−0.5; Supplementary Information Table S 4.1). This is below the threshold of |C| = 	0.7 
suggested by Dormann et al. (2013), above which collinearity between predictor variables 
can cause substantial distortions in model predictions. The best combination of the 
predictors for each zooplankton group was determined by the model which yielded the 
minimum Akaike Information Criterion and largest deviance explained (see Supplementary 
Table S 4.3 for details of variables combinations, AIC and deviance explained). 
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 Numerical implementation 
4.3.5.1 Boundary conditions for the theoretical model 
For each zooplankton group, the abundance of the smallest size class at time G, HI(KI, G), 
was fixed with respect to the total abundance of the other groups in that size class: 
HI(KI, G) = 	>INHO(KI, G)OPI , (E	4.13) 
where >I is the relative abundance of group R in size class KI, with respect to the total 
abundance of the other groups. We used taxa-level abundance data sampled in the upper 
200m ocean layer from the COPEPOD database (https://www.st.nfms.noaa.gov/copepod), 
to calibrate > so that the emergent composition of the model’s zooplankton community 
above 100 Sm ESD (10-6.4 g wet weight) averaged across all grid squares, was 
approximately equal to the average observed composition from the COPEPOD samples. 
We used 100 Sm ESD as a cut off because it was the smallest recorded mesh size used to 
obtain samples in the COPEPOD data, across all the zooplankton groups considered here. 
COPEPOD did not have data for heterotrophic flagellates or ciliates. Therefore, for 
heterotrophic flagellates, we fixed the smallest size class abundance to be equal to 
abundance of the phytoplankton community in the same size class. For heterotrophic 
ciliates, the abundance of their smallest size class was fixed at half the abundance of 
heterotrophic flagellates in the same size class. The smallest size class abundance for the 
total fish community was fixed at the total zooplankton abundance in that size class, and 
divided equally among the three fish groups.  
By fixing the abundances of the smallest size classes for all functional groups in the 
zooplankton and fish communities, we are implicitly assuming constant recruitment, which 
means we are not resolving the reproductive output of mature organisms in each functional 
group. Alongside growth and mortality, reproduction is an important process for models to 
resolve. However, unlike fish that generally make sexually fertilised eggs of roughly the 
same size (1mg), zooplankton reproduce by cell division or egg production (Neuheimer et 
al., 2016). Within these two methods of reproduction, there are further differences in 
spawning strategy and life-history across and within zooplankton functional groups 
(Litchman et al., 2013). For instance, jellyfish and salps alternate between sexual 
reproduction involving eggs, and asexual reproduction through division, from one generation 
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to the next (Fautin, 2002; Daponte et al., 2013). Chaetognaths are hermaphroditic, carrying 
both eggs and sperm, and are able to reproduce sexually and asexually (Bone, 1991). 
Copepods can be intersex, and are capable of changing from one sex to another across 
their life-history, depending on environmental conditions (Gusmão and McKinnon, 2009). 
Because of the complexity of zooplankton reproduction, and given our focus is exploring 
how size-dependent functional traits affect the composition of the zooplankton community, 
incorporating reproduction implicitly by assuming constant recruitment is a necessary 
simplification for this study. 
4.3.5.2 Running the theoretical model 
Dynamics of the zooplankton and fish groups are modelled with separate second order 
McKendrick-von Foerster equations, which we solve numerically in the R program using a 
second order semi-implicit upwind finite difference scheme (see Appendix 1 for derivation; 
Press et al., 2007). For numerical implementation we discretised the zooplankton and fish 
community size ranges into equal 0.1 log10 size intervals. The model is initialised with the 
same zooplankton community, then integrated forward through time for 1000 years, with a 
half weekly time step. We chose these values to discretise the weight and time intervals 
after experimenting with smaller and larger interval widths, to ensure convergence in our 
numerical implementation, whilst minimising the time required to run the simulation. 
After approximately 200 years of integration, abundances of the different zooplankton 
groups settle into their own oscillating cycles. Overall, these cycles repeat themselves, 
however under certain environmental conditions abundances of the different groups showed 
some small-scale variation through time. This small-scale variation was a result of the 
different zooplankton groups interacting through time. We found the characteristics of the 
model output were not significantly affected by these variations after the first 400 years of 
the simulation. However, to ensure our results were not influenced by this variation, results 
were calculated by averaging over the last 500 years of the 1000 year simulation. 
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4.4 Results 
 Size spectrum model predictions 
4.4.1.1 Zooplankton biomass  
Except for heterotrophic ciliates and larvaceans, the emergent biomass of the zooplankton 
functional groups predicted from the functional size spectrum model all increased with 
chlorophyll a concentration (Figure 4.6, 4.7): more primary production means there is more 
food for all functional groups. Heterotrophic ciliate and larvacean biomass also increased 
with chlorophyll a up to around 0.5 mg m-3 (-0.3 on log10 scale, Figure 4.6 b, c; 4.7 b, c), but 
declined as chlorophyll a increased passed this level. Heterotrophic ciliates and larvaceans 
prey on picoplankton (< 2 Sm ESD), which makes up a large proportion of the phytoplankton 
community in the open ocean, but less than 20% in high chlorophyll coastal regions. This 
means that these groups have limited scope to balance increasing predation pressure from 
more abundant predators in these regions, compared to other zooplankton groups such as 
omnivorous copepods and euphausiids, which feed on the larger phytoplankton that 
dominate in coastal regions.  
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Figure 4.6 Maps of annual average wet weight biomass from the size spectrum model (g 
m-3) for a) Heterotrophic Flagellates, b) Heterotrophic Flagellates, c) Larvaceans, d) 
Omnivorous Copepods, e) Carnivorous Copepods, f) Chaetognaths, g) Euphausiids, h) 
Salps and i) Jellyfish.  
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Figure 4.7 Plots of wet weight biomass g m-3 against chlorophyll a for a) Heterotrophic 
Flagellates, b) Heterotrophic Ciliates, c) Larvaceans, d) Omnivorous Copepods, e) 
Carnivorous Copepods, f) Chaetognaths, g) Euphausiids, h) Salps and i) Jellyfish. Each 
dot represents an individual 5x5 degree grid square from the global ocean. To clarify the 
trend with chlorophyll a, the blue line was fit using a spline smoother with 5 degrees of 
freedom. 
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4.4.1.2 Zooplankton community composition 
Across the global ocean, the emergent composition of the zooplankton was not uniform 
(Figure 4.8, 4.9). The combined biomass of the micro plankton community (heterotrophic 
flagellates and ciliates, and phytoplankton) varied, with heterotrophic flagellates and ciliates 
was around 10% of the biomass of phytoplankton, from about 11% in the oligotrophic open 
ocean to 6% in eutrophic regions (Figure 4.8). 
 
Figure 4.8 Relative biomass (wet weight composition) of the micro plankton community, 
from the size spectrum model. Proportion of total wet weight from a) Phytoplankton, b) 
Heterotrophic Flagellates, c) Heterotrophic Ciliates. 
 
Omnivorous copepods were a prominent component of the macro zooplankton community 
(excluding flagellates and ciliates) across all regions, making up around 20-30% of the 
macro zooplankton biomass in the open ocean and coastal areas (Figure 4.9 b). 
Euphausiids increased with increasing phytoplankton biomass (chlorophyll a), comprising 
15% of macro zooplankton biomass in the oligotrophic gyres, increasing to 30% in eutrophic 
regions (Figure 4.9 e). Jellyfish also increased with increasing primary production, 
comprising up to 45% of macro zooplankton wet weight biomass in eutrophic regions, 
declining to 10-20% in other areas (Figure 4.9 g). 
In contrast, larvaceans had an inverse relationship with primary production, making up 20% 
of macro zooplankton biomass in the oligotrophic gyres, declining to ~15% in other parts of 
the open ocean, then to <5% in coastal areas with the greatest phytoplankton biomass 
(Figure 4.9 a). Salps demonstrated a similar pattern over a smaller range: 13% in the 
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oligotrophic gyres decreasing to 7% in other open ocean and coastal regions (Figure 4.9 f). 
Carnivorous copepods and chaetognaths were most prominent in the oligotrophic gyres, 
respectively making up to 8% and 12% of the macro zooplankton biomass in those regions, 
declining to less than 1% in eutrophic coastal and upwelling regions (Figure 4.9 c, d).  
 
Figure 4.9 Relative biomass (wet weight composition) of the macro zooplankton 
community (excluding flagellates and ciliates), from the size spectrum model. Proportion of 
total zooplankton wet weight (excluding flagellates and ciliates) from a) Larvaceans, b) 
Omnivorous Copepods, c) Carnivorous Copepods, d) Chaetognaths, e) Euphausiids, f) 
Salps and g) Jellyfish. 
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 Size spectrum model assessment 
The final set of predictors used in the generalised additive models (GAMs) for the different 
zooplankton groups were the gear and mesh factor, the interaction term between sea 
surface temperature (SST) and day of the year, depth and log10(chlorophyll a) 
(Supplementary Information Table S 4.2). The models explained between 35.4% (salps) to 
60.9% (omnivorous copepods) of the deviance, with a median value of 46.1%. Model skill 
tests for each group are in Supplementary Information Table S 4.3, and plots of the model 
terms are in Supplementary Information Figures S 4.2 - S 4.8. 
We expected that, because sampled abundances are only capturing a fraction of the actual 
abundances, the empirical abundances from the GAMs would be lower than the abundances 
from the size spectrum model (which for each group were added up across their entire size 
range). This was the case for all groups, except for jellyfish, for which although the empirical 
abundances and size spectrum model abundances were the closest of all the groups, the 
abundances from the size spectrum model were lower than those predicted from the GAMs 
(Figure 4.10 s, t). Given that the sampled abundances used to fit the GAMs are biased 
against smaller zooplankton, and jellyfish are the largest group represented in the model, it 
is not surprising that the jellyfish group’s abundance from the size spectrum model was 
closest to the empirical abundance from its corresponding GAM.  
Except for carnivorous copepods, the emergent zooplankton distributions from the functional 
size spectrum model broadly agreed with the empirical distributions. For all zooplankton 
groups, except for carnivorous copepods, the annual average empirical abundances from 
the GAMs (Figure 4.10 a, d, j, m, p, s) showed a positive relationship between chlorophyll a 
concentration and abundance, with the highest abundances for all groups found in eutrophic 
regions (maps of annual average chlorophyll a and sea surface temperature in 
Supplementary Information Figure S 4.1). Carnivorous copepods, chaetognaths and salps 
had a noticeable relationship with temperature, with some of their empirical highest 
abundances found along the equator (Figure 4.10 g, j, p). The empirical abundance of 
carnivorous copepods seemed to be driven primarily by temperature, with the highest 
empirical abundances in water about 20°C (Figure 4.10 g). From the size spectrum model, 
all zooplankton groups showed increasing abundance with increasing chlorophyll a 
concentration (Figure 4.10 b, e, h, k, n, q, t). For all groups, the lowest abundances were in 
the oligotrophic gyres and the highest in eutrophic regions. In other words, increasing 
phytoplankton biomass leads to an increase in abundance for all groups, irrespective of their 
feeding characteristics.  
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Figure 4.10 Assessing emergent abundance distributions from the size spectrum model. 
The empirical abundance distributions from the generalised additive models (GAMs) (left 
column, log10(# m-3)), the emergent zooplankton distributions from the size spectrum model 
(centre column, log10(# m-3), and Pearson’s correlation plots between the two (right column) 
for a-c) Larvaceans, d-f) Omnivorous Copepods, g-i) Carnivorous Copepods and j-l) 
Chaetognaths. In each row, the dots in the correlation plot represent the abundance of that 
row’s zooplankton group, in a 5x5 degree grid square, from the empirical model (x-axis) and 
the theoretical size spectrum model (y-axis). The blue line in each correlation plot is the line 
of best fit, from a linear model of empirical versus theoretical abundances. 
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Figure 4.10 (continued) Assessing emergent abundance distributions from the size 
spectrum model. The empirical abundance distributions from the generalised additive 
models (GAMs) (left column, log10(# m-3)), the emergent zooplankton distributions from the 
size spectrum model (centre column, log10(# m-3), and Pearson’s correlation plots (right 
column) between the two m-o) Euphausiids, p-r) Salps, s-u) Jellyfish. In each row, the dots 
in the correlation plot represent the abundance of that row’s zooplankton group, in a 5x5 
degree grid square, from the empirical model (x-axis) and the theoretical size spectrum 
model (y-axis). The blue line in each correlation plot is the line of best fit, from a linear model 
of empirical versus theoretical abundances. 
 
Excluding carnivorous copepods, correlations between the model and the GAM distributions 
ranged from 0.41 for chaetognaths to 0.89 for euphausiids (Figure 4.10 c, f, l, o, r, u). 
Carnivorous copepods had a weak, negative correlation of C = −0.24 between empirical and 
theoretical abundances (Figure 4.10 i). The poor correlation for carnivorous copepods can  
be explained by the different relationships between temperature and abundance in the 
empirical and size spectrum model. Empirical abundances for carnivorous copepods are 
primarily driven by temperature, with chlorophyll a (phytoplankton biomass) serving at best 
as a secondary driver (Supplementary Figure S 4.4). In contrast, the size spectrum model 
does show some of the highest carnivorous copepods abundances in eutrophic high 
temperature regions around the equator, however chlorophyll a concentration 
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(phytoplankton biomass) is still the main driver of abundance for this group. However, the 
absolute abundance of carnivorous copepods changed the least of all groups from 
oligotrophic to eutrophic waters in the theoretical model – increasing by only 3-fold (half an 
order of magnitude), compared to at least 10-fold (1 order of magnitude) for the other groups. 
4.5 Discussion 
The challenge of resolving the zooplankton in ecosystem models lies in their diversity of 
species, life histories and ecological strategies (Litchman et al., 2013). A significant 
advantage of the trait-based approach is that community structure can emerge based on 
the functional traits of the community, and environmental conditions. Our results 
demonstrate the importance of functional traits to explain global patterns in zooplankton 
community composition. With only the body size ranges, size-based feeding traits and 
carbon content of nine zooplankton functional groups, it was possible to resolve emergent 
changes in the zooplankton community across the global ocean that agreed well with 
observation and theory. This is an important result; resolving the mechanisms that give rise 
to the zooplankton community across environmental gradients is critical to better 
understanding overall ecosystem function, particularly the resilience and productivity of 
higher trophic levels across environmental gradients (Mitra et al., 2010, 2014; Irigoein et al., 
2014; Jennings and Collingridge, 2015; Steinberg and Landry, 2017). 
As we hypothesised in the introduction, the composition of the zooplankton was primarily 
driven by the size structure of their prey. The phytoplankton community is mostly 
picoplankton (< 2 µm ESD) in the oligotrophic open ocean (Figure 4.3 a). In response, 
heterotrophic flagellates and ciliates were most prevalent in oligotrophic waters. Similarly, 
carnivorous copepods and chaetognaths – both carnivorous groups – were most prominent 
in oligotrophic regions. Their prevalence in low chlorophyll a regions agrees with the 
hypothesis that stable, oligotrophic environments favour longer food chains with a smaller 
average PPMR (Lalli and Parsons, 1995; Sommer et al., 2002; Jennings and Warr, 2003). 
Eutrophic regions are hypothesised to favour short food chains, where large phytoplankton 
are consumed directly by crustaceans such as copepods and euphausiids, who are then 
consumed by planktivorous fish. We found that euphausiids – the largest omnivorous 
crustacean group – were most dominant in eutrophic waters, which agrees with the 
hypothesis of short food chains in eutrophic waters, however omnivorous copepods were 
ubiquitous across the global ocean. Kiørboe (2010) hypothesised that the success of pelagic 
copepods could be accounted for by their body shape, feeding style and their ability to find 
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mating partners, our model indicates the success of omnivorous copepods could also be 
partly explained by their body size and PPMR: over their size range, omnivorous copepods 
have an ideal prey size of 4 µm to 22 µm (10-10.1 – 10-8.1 g), which covers the size range of 
the nanoplankton (2 µm – 20 µm). The nanoplankton are a significant proportion of the 
phytoplankton community across the global ocean (Figure 4.3 b) and do not vary as much 
as pico or micro-plankton. This means that omnivorous copepods face less variation in the 
relative quantity of their prey, compared to other zooplankton groups.  
Jellyfish, which do not feed on phytoplankton, also increased in eutrophic coastal and open 
ocean regions (Figure 4.9 g). This is similar to the patterns in gelatinous zooplankton 
biomass found by Lucas et al., (2014) and Schnedler-Meyer et al., (2016). Owing to their 
low carbon content, jellyfish are usually considered to represent a “trophic dead-end”, in 
contrast to planktivorous fish which are an important prey source for higher trophic levels 
(Robinson et al., 2014). Jellyfish and planktivorous fish share similar body size and prey size 
ranges (Figure 4.4), our model could be used to explore the trophic interplay between 
jellyfish and planktivorous fish, and how they compete across oligotrophic and eutrophic 
waters. There is evidence that human-induced stresses such as eutrophication promote 
increases jellyfish blooms, although whether increases in jellyfish are driven by human 
pressures or are part of a larger natural cycle is still strongly debated (Richardson et al., 
2009; Condon et al., 2013; Gibbons and Richardson, 2013; Lucas et al., 2014). Our model 
could be used to explore whether increasing fishing pressure across oligotrophic and 
eutrophic waters leads to a more jellyfish-dominated ecosystem.  
The presence of salps and larvaceans in low chlorophyll a areas challenges the idea that 
average PPMR decreases and the trophic level of larger organisms increases with 
decreasing primary productivity. Larvaceans and salps have the largest PPMRs of the 
zooplankton functional groups, as a result, these two groups were most prevalent in 
oligotrophic waters. What is more, their large body sizes mean that they fall within the prey 
size range for planktivorous fish (< 100 gm; Figure 4.4). The “larvacean shunt” has been 
hypothesised as an energy pathway from the dominant pico-phytoplankton in oligotrophic 
waters, to planktivorous fish (Diebel and Lee, 1992; Bone, 1997). Our results here support 
this hypothesis; the prevalence of larvaceans – and salps – in oligotrophic waters, coupled 
with their large body sizes, indicates that they would be an important food source for 
planktivorous fish in these waters, and so represent a direct pathway from picoplankton to 
higher trophic levels.  
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Our theoretical model was able to capture broad-scale empirical patterns of abundance for 
six of the seven largest zooplankton groups. Chlorophyll a concentration – a measure of 
primary production – was the primary driver of abundance in the theoretical model. More 
primary production means more food for omnivores, which, in turn, means more food for 
carnivores.  However, the relationship between chlorophyll a and abundance and biomass 
varied across the zooplankton groups in the theoretical model, which is what gave rise to 
the changing composition of the zooplankton community. Simpler models have also 
captured this relationship between primary production and consumer abundance (e.g., 
Jennings et al., 2008; Strömberg et al., 2009; Ward et al., 2012) however ours is the first to 
capture changes in the composition of the zooplankton with increasing primary production. 
The poor correlation between the modelled and empirical abundance of carnivorous 
copepods (Figure 4.10 i) probably highlights the necessarily crude way we incorporated 
temperature effects in the theoretical model. The empirical abundance distribution of 
carnivorous copepods was related more to sea surface temperature, over chlorophyll a (in 
contrast with all our other statistical models), and our model has only a rudimentary 
implementation of temperature dependence that is the same for all zooplankton groups 
(Figure 4.10 g-i). We used the same temperature effect for all groups because the 
zooplankton and fish in our model are resolved by feeding traits at the functional group level, 
and it is unclear how temperature will affect organisms at this level. There is information 
available on temperature scaling for copepods as a group (Hansen et al., 1997; Forster al., 
2011; Kiørboe and Hirst, 2014) or by species (e.g., Lee et al., 2003; Holste and Peck, 2006; 
Rhyne et al., 2009), but to our knowledge there are no studies that evaluate temperature 
effects by omnivorous and carnivorous groups.  
The deviance explained for the fitted GAMs varied from 35.4% for salps, to 60.9% for 
omnivorous copepods, which is within the range reported by other studies that use statistical 
models to link environmental variables with sample data (Drexler et al., 2013; Lucas et al., 
2014; Brun et al., 2016). The theoretical model uses sea surface temperature and 
chlorophyll a concentration as environmental inputs, so we only used those environmental 
variables (and depth) when fitting the GAMs. However, other environmental variables such 
as euphotic depth and dissolved oxygen have been linked with the distribution of 
zooplankton (Lucas et al., 2014). Looking forward, incorporating other variables could 
increase the predictive power of the statistical models developed here, and allow more 
accurate predictions of the distribution of different zooplankton functional groups across the 
global ocean. 
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By using satellite sea surface temperature and chlorophyll a concentration as environmental 
inputs, our model represents the sunlit surface waters of the global ocean (0-200m), but 
does not resolve the vertical distribution of the zooplankton and fish. Diel vertical migration 
(DVM) of macro zooplankton (>0.2 mm ESD) and nekton to epipelagic waters (> 200 m 
depth) during the night and deeper waters during the day is ubiquitous across practically 
every taxonomic group in all the world’s oceans (Hays, 2003; Bianchi et al., 2013). The 
central cue for the length of time away from the surface waters is believed to be day length, 
with migrating individuals staying away from surface waters for longer in areas with longer 
days (Haren and Compton, 2013) to minimise predation risk. However, similar to 
temperature effects, we did not resolve DVM in the model because the patterns of 
movement in and out of the surface waters vary considerably between and within species 
(Richards et al., 1996), and it is difficult to do more than guess the proportion of time 
individuals in different functional groups and body sizes that would stay away from surface 
waters and out of the spatial domain of the model.  
Future work could address these issues by allowing the community structure across depth 
and environmental gradients to emerge based on randomly assigned physiological traits, 
following the example of Follows et al., (2007), who developed this approach for 
phytoplankton. For example, temperature response, extent of DVM and feeding traits such 
as PPMR could be represented as a continuum, where different combinations are randomly 
assigned and community structure emerges from the functional size spectrum model.  
The theoretical model we developed here demonstrates the importance of body size, size-
based feeding behaviour and carbon content to explain global patterns in the abundance 
and composition of the zooplankton community. Our results demonstrate that the 
composition of the zooplankton is not static across environmental gradients, and resolving 
this diversity is possible with functional traits. Looking forward, our model could be used to 
investigate how changes in the zooplankton community affects the global carbon cycle 
(Steinberg and Landry, 2017), and energy pathways from phytoplankton to fish across 
oligotrophic and eutrophic waters. 
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4.6 Supplementary Information 
 
Figure S 4.1 Annual average a) sea surface temperature (SST) and b) log10(Chlorophyll a 
mg m-3), aggregated to 5 degree latitude by 5 degree longitude grid squares. These fields 
are used as environmental inputs to drive the size spectrum model. For both SST and 
log10(Chlorophyll a mg m-3), we obtained the annual average for each grid square by 
averaging over the monthly climatologies obtained from MODIS-Aqua, standardised for the 
number of months in which satellite observations were taken. 
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 Empirical abundance distributions (GAMs) 
The abundances of all zooplankton groups increased with chlorophyll a (Figures S 4.2-S 
4.8, subplot b). However, the abundances of larvaceans, euphausiids and salps decline 
slightly at very high chlorophyll a levels (Figures S 4.2, S 4.6, S 4.7, subplot b). For all 
groups, the relationship between abundance and depth was the weakest of all the 
environmental predictors and was not constant across the groups: larvaceans increased 
with increasing depth (Figure S 4.2, c), whilst omnivorous copepods, chaetognaths, salps 
and jellyfish decreased (Figures S 4.3, S 4.5, S 4.7, S 4.8, subplot c). Euphausiids increased 
with increasing depth to 1000 – 2000 metres, before declining (Figure S 4.6, subplot c) and 
the highest abundances of carnivorous copepods was around 3000m (Figure S 4.4 subplot 
c). The weak relationship could be due to the collinearity between chlorophyll a 
concentration and depth (C	 = 	−0.5; Table S 4.1).   
The greatest seasonal effect for the abundances of all zooplankton groups was in low 
temperature waters (Figures S 4.2-S 4.8, subplot a), however the relationship was not the 
same across the groups. Omnivorous copepods, carnivorous copepods, chaetognaths and 
euphausiids had peaks in their abundance in low temperature waters in the middle of the 
year (northern hemisphere summer). In contrast, larvaceans, salps and jellyfish had the 
opposite relationship, with the highest abundances in low temperature waters occurring 
outside of the northern hemisphere summer. Across the year, the highest abundances for 
omnivorous copepods and euphausiids were predicted to be in low temperature water. In 
contrast, the average abundances across the year increased with increasing temperature 
for larvaceans, carnivorous copepods, salps and jellyfish. 
 
Table S 4.1 Pearson correlation coefficient between environmental predictor variables used 
for empirical abundance GAMs of larvaceans, omnivorous copepods, carnivorous 
copepods, chaetognaths, salps, krill and jellyfish. 
 SST log10(Chlorophyll a) Depth  Day of year 
SST 1 -0.216 -0.068 0.044 
log10(Chlorophyll a) -0.216 1 -0.5 0.01 
Depth -0.068 -0.5 1 -0.08 
Day of year 0.044 0.01 -0.08 1 
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Table S 4.2 Summary of final GAMs for the seven zooplankton functional groups, with 
Akaike information criterion (AIC) and deviance explained. 
Response 
log10(# m-3 + 1) 
Predictors AIC Deviance 
Explained 
(%) 
Larvaceans GM + f(SST, day of year) + Depth + log10(chlo) 4374 39.3 % 
Omnivorous Copepods GM + f(SST, day of year) + Depth + log10(chlo) 50316 60.9 % 
Carnivorous Copepods GM + f(SST, day of year) + Depth + log10(chlo) 15378 56.8 % 
Chaetognaths GM + f(SST, day of year) + Depth + log10(chlo) 18252 46.1 % 
Euphausiids GM + f(SST, day of year) + Depth + log10(chlo) 27484 50 % 
Salps GM + f(SST, day of year) + Depth + log10(chlo) 3989 35.4 % 
Jellyfish GM + f(SST, day of year) + Depth + log10(chlo) 14881 41.7 % 
 
Table S 4.3 Skill of empirical GAMs with different predictor combinations. Model skill given 
in terms of Akaike Information Criterion (AIC) and deviance explained. Best models for each 
group are highlighted in yellow. 
Response 
log10(# m-3 + 1) 
Predictors AIC Deviance 
Explained  
Larvaceans 
 
 
- 5625 0 % 
Gear-Mesh factor (GM) 5093 19.4 % 
f(SST, day of year) 4820 26.8 % 
log10(chlo) 5421 7.7 % 
Depth 5555 2.9 %  
 GM + f(SST, day of year) 4496 36.1 % 
 GM + Depth 4817 27.1 % 
 GM + log10(chlo) 4736 29.3 % 
 GM + f(SST, day of year) + Depth 4484 36.6 % 
 GM + f(SST, day of year) + log10(chlo) 4400 38.5 % 
 GM + f(SST, day of year) + Depth + log10(chlo) 4374 39.3 % 
Omnivorous 
Copepods 
- 71995 0 % 
 Gear-Mesh factor (GM) 67931 17.5 % 
 f(SST, day of year) 56996 50.8 %  
 log10(chlo) 64290 22.2 % 
 Depth 67593 18.7 %  
 GM + f(SST, day of year) 55206 54.9 % 
 GM + Depth 56181 52.7 % 
 GM + log10(chlo) 53176 55.1 % 
 GM + f(SST, day of year) + Depth 53924 57.6 % 
 GM + f(SST, day of year) + log10(chlo) 50712 60.3 % 
 GM + f(SST, day of year) + Depth + log10(chlo) 50316 60.9 % 
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Carnivorous 
Copepods 
- 23879 0 % 
 Gear-Mesh factor (GM) 22722 11.5 % 
 f(SST, day of year) 18900 40.5 % 
 log10(chlo) 23191 0.05 % 
 Depth 23498 4 % 
 GM + f(SST, day of year) 16129 55.4 % 
 GM + Depth 18770 41.3 % 
 GM + log10(chlo) 18260 41.2 % 
 GM + f(SST, day of year) + Depth 16015 56 % 
 GM + f(SST, day of year) + log10(chlo) 15489 56.3 % 
 GM + f(SST, day of year) + Depth + log10(chlo) 15378 56.8 % 
Chaetognaths - 31172 0 % 
 Gear-Mesh factor (GM) 29382 8.9 % 
 f(SST, day of year) 22932 34.8 % 
 log10(chlo) 29272 2.4 % 
 Depth 30764 2.1 % 
 GM + f(SST, day of year) 20768 41.8 % 
 GM + Depth 22135 37.5 % 
 GM + log10(chlo) 21353 36.2 % 
 GM + f(SST, day of year) + Depth 20070 43.8 % 
 GM + f(SST, day of year) + log10(chlo) 18335 45.8 % 
 GM + f(SST, day of year) + Depth + log10(chlo) 18252 46.1 % 
Euphausiids - 39644 0 % 
 Gear-Mesh factor (GM) 38546 7 % 
 f(SST, day of year) 30301 42.9 % 
 log10(chlo) 36450 12.2 % 
 Depth 38054 9 % 
 GM + f(SST, day of year) 29399 46 % 
 GM + Depth 30006 43.9 % 
 GM + log10(chlo) 28649 46 % 
 GM + f(SST, day of year) + Depth 28979 47.3 % 
 GM + f(SST, day of year) + log10(chlo) 27620 49.4 % 
 GM + f(SST, day of year) + Depth + log10(chlo) 27484 50 % 
Salps - 5062 0 % 
 Gear-Mesh factor (GM) 4483 21 % 
 f(SST, day of year) 4513 19.6 % 
 log10(chlo) 4964 4 % 
 Depth 5046 1 % 
 GM + f(SST, day of year) 4096 32.4 % 
 GM + Depth 4511 20 % 
 GM + log10(chlo) 4423 22.6 % 
 GM + f(SST, day of year) + Depth 4069 33.3 % 
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Salps 
(continued) 
GM + f(SST, day of year) + log10(chlo) 3991 35.2 % 
 GM + f(SST, day of year) + Depth + log10(chlo) 3989 35.4 % 
Jellyfish - 24104 0 % 
 Gear-Mesh factor (GM) 23546 3.4 % 
 f(SST, day of year) 16101 37.3 % 
 log10(chlo) 23602 2.3 % 
 Depth 23430 3.9 %  
 GM + f(SST, day of year) 15461 39.8 % 
 GM + Depth 15880 38.2 % 
 GM + log10(chlo) 15760 38.5 % 
 GM + f(SST, day of year) + Depth 15229 40.6 % 
 GM + f(SST, day of year) + log10(chlo) 14884 41.7 % 
 GM + f(SST, day of year) + Depth + log10(chlo) 14881 41.7 % 
99 
 
 
Figure S 4.2 Best model fit for larvaceans: a) Fitted interaction surface between sea 
surface temperature (SST) and day of year, standardised to the northern hemisphere, and 
partial residuals from the main effect of b) log10(Chlorophyll a), c) Depth and d) the Gear 
and Mesh factor levels. For b, c and d) the main effect for each predictor is given by the 
blue line, with the 95% confidence intervals given by the shaded areas. 
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Figure S 4.3 Best model fit for omnivorous copepods: a) Fitted interaction surface between 
sea surface temperature (SST) and day of year, standardised to the northern hemisphere, 
and partial residuals from the main effect of b) log10(Chlorophyll a), c) Depth and d) the Gear 
and Mesh factor levels. For b, c and d) the main effect for each predictor is given by the blue 
line, with the 95% confidence intervals given by the shaded areas. 
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Figure S 4.4 Best model fit for carnivorous copepods: a) Fitted interaction surface 
between sea surface temperature (SST) and day of year, standardised to the northern 
hemisphere, and partial residuals from the main effect of b) log10(Chlorophyll a), c) Depth 
and d) the Gear and Mesh factor levels. For b, c and d) the main effect for each predictor 
is given by the blue line, with the 95% confidence intervals given by the shaded areas. 
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Figure S 4.5 Best model fit for chaetognaths: a) Fitted interaction surface between sea 
surface temperature (SST) and day of year, standardised to the northern hemisphere, and 
partial residuals from the main effect of b) log10(Chlorophyll a), c) Depth and d) the Gear 
and Mesh factor levels. For b, c and d) the main effect for each predictor is given by the blue 
line, with the 95% confidence intervals given by the shaded areas. 
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Figure S 4.6 Best model fit for euphausiids: a) Fitted interaction surface between sea 
surface temperature (SST) and day of year, standardised to the northern hemisphere, and 
partial residuals from the main effect of b) log10(Chlorophyll a), c) Depth and d) the Gear 
and Mesh factor levels. For b, c and d) the main effect for each predictor is given by the 
blue line, with the 95% confidence intervals given by the shaded areas. 
 
 
104 
 
 
Figure S 4.7 Best model fit for salps: a) Fitted interaction surface between sea surface 
temperature (SST) and day of year, standardised to the northern hemisphere, and partial 
residuals from the main effect of b) log10(Chlorophyll a), c) Depth and d) the Gear and Mesh 
factor levels. For b, c and d) the main effect for each predictor is given by the blue line, with 
the 95% confidence intervals given by the shaded areas. 
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Figure S 4.8 Best model fit for jellyfish: a) Fitted interaction surface between sea surface 
temperature (SST) and day of year, standardised to the northern hemisphere, and partial 
residuals from the main effect of b) log10(Chlorophyll a), c) Depth and d) the Gear and Mesh 
factor levels. For b, c and d) the main effect for each predictor is given by the blue line, with 
the 95% confidence intervals given by the shaded areas. 
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Chapter 5  
Zooplankton composition across oligotrophic 
and eutrophic waters mediates transfer 
efficiency from phytoplankton to fish 
 
5.1 Abstract 
The transfer of energy from phytoplankton to fish in marine systems depends on the 
abundance and structure of the zooplankton community. However, despite the body of 
theoretical and experimental work demonstrating how zooplankton community structure 
shifts from oligotrophic to eutrophic waters, most models assume that zooplankton 
composition is unchanging. Here, we use a functional size spectrum model to explore how 
changes in zooplankton community composition from oligotrophic to eutrophic waters 
affects energy pathways and transfer efficiency from phytoplankton to fish. The model 
resolves the body sizes, carbon content and feeding characteristics of nine of the most 
abundant zooplankton groups (heterotrophic flagellates and ciliates, larvaceans, 
omnivorous and carnivorous copepods, chaetognaths, euphausiids, salps and jellyfish). 
Across environmental gradients, the zooplankton community emerges based on changes in 
the size structure of the phytoplankton, and the size-based feeding characteristics of the 
nine functional groups. Heterotrophic flagellates and ciliates, salps, larvaceans, carnivorous 
copepods and chaetognaths were more prevalent in oligotrophic waters, euphausiids and 
jellyfish dominated the zooplankton in eutrophic waters, and omnivorous copepods were 
prevalent everywhere. From oligotrophic to eutrophic waters, shifts in the size structure of 
the phytoplankton and composition of the zooplankton resulted decreases in the trophic 
levels of all zooplankton groups - except chaetognaths - and planktivorous fish. Moreover, 
we observed a three-fold increase in the ratio of fish to phytoplankton biomass from 
oligotrophic to eutrophic waters, which was driven by changes in how energy moved through 
the zooplankton community. In oligotrophic systems where phytoplankton communities are 
dominated by picoplankton (< 2 Sm equivalent spherical diameter - ESD), over 50% of 
phytoplankton consumption was from heterotrophic flagellates and ciliates (protists). These 
are then consumed by crustaceans (copepods and euphausiids), which are finally 
consumed by planktivorous fish. In contrast, in eutrophic waters, over 85% of phytoplankton 
consumption was directly from crustaceans, cutting out the extra protist step. In oligotrophic 
waters, salps and larvaceans partially offset the extra protist step, by providing a direct 
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pathway from picoplankton to fish. Without salps and larvaceans, total fish biomass was up 
to 50% lower in oligotrophic waters, and 17% lower across the global ocean. Our results 
demonstrate how changes in the zooplankton drive shifts in ecosystem transfer efficiency, 
and the critical role of salps larvaceans as an alternative energy pathway from phytoplankton 
to fish in the oligotrophic open ocean. 
5.2 Introduction 
As the intermediate trophic level between phytoplankton and fish, zooplankton play a critical 
role as the main energy pathway linking lower and higher trophic levels (Kiørboe, 2008).  
Despite their importance, the processes that give rise to zooplankton community structure 
across environmental gradients are poorly resolved in current marine ecosystem models 
(Rose, 2010; Mitra et al., 2014).  Commonly, zooplankton community structure and their 
feeding behaviour is assumed to not change across environmental gradients or time (Everett 
et al., 2017). However, zooplankton are extremely diverse taxonomically and 
physiologically, with all major phyla present (Bucklin et al., 2010), and assorted feeding 
strategies, from passive suspension feeding to active ambush and carnivory (Kiørboe, 
2011). Zooplankton range over 14 orders of magnitude in body size, from single-cell protists 
(~1	µm, 10 pg; Hansen et al., 1997), to jellyfish (10s of kg; Acuña et al., 2011; Levinton, 
2013).  
Energy transfer through food webs is dependent upon the relative size of predator and prey 
(Jennings and Mackinson, 2003), known as the predator-prey mass ratio (PPMR). The 
larger the predator relative to its prey, the more efficiently energy is passed from lower to 
higher trophic levels. Zooplankton have enormous variation in PPMR from ~10 for 
carnivorous copepods to ~10W for salps and larvaceans (Bone, 1997; Wirtz, 2012). What is 
more, this diversity in size and feeding behaviour is not static, with different groups prevailing 
under different environmental conditions, based on their relative fitness (Barton et al., 2013). 
Given the enormous diversity of zooplankton, and their vastly different feeding strategies, 
this means that energy pathways through the zooplankton from phytoplankton to fish are 
not static, but change across environmental gradients. It follows that accounting for the 
mechanisms that gave rise to zooplankton community structure is very important to 
understand how energy moves through marine systems under different environmental 
conditions. 
Ultimately the productivity of the marine ecosystem is constrained by primary production 
(Pauly and Christensen, 1995; Chassot et al., 2010; Friedland et al., 2012; Stock et al., 
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2017), however, as Ryther identified almost 50 years ago, primary production alone cannot 
explain the productivity of higher trophic levels across oligotrophic and eutrophic waters 
(Ryther, 1969). Ryther hypothesised that this is because marine food chains are more 
efficient in eutrophic systems compared to oligotrophic with fewer trophic steps between 
phytoplankton and fish (Ryther, 1969). This is believed to be primarily driven by changes in 
the size structure of the phytoplankton (Stibor et al., 2004; Stock et al., 2008; Barnes et al., 
2011; Marañón, 2015): from oligotrophic to eutrophic waters, the median cell size of the 
phytoplankton community increases (Brewin et al., 2010; Barnes et al., 2010; Hirata et al., 
2011), as the community size structure shifts from one dominated by picoplankton (< 2 µm 
ESD) to larger nano (2 µm - 20 µm equivalent spherical diameter - ESD) and microplankton 
(> 20  µm ESD). As a result, the availability of food for zooplankton groups with different 
body sizes and PPMRs will change as the phytoplankton community shifts across 
oligotrophic and eutrophic waters.  
Generally, picoplankton cannot be directly consumed by larger crustaceans such as 
copepods and euphausiids (crustaceans), which are nutritious food for planktivorous fish 
(Lalli and Parsons, 1995; Sommer and Stibor, 2002; Stibor et al., 2004). This is why it is 
hypothesised that in oligotrophic systems where picoplankton dominate the phytoplankton, 
crustaceans would consume heterotrophic protists (e.g., flagellates and ciliates) that feed 
on the smaller phytoplankton and fall within the prey size range of crustaceans (Ryther, 
1969;  Stoecker and Capuzzo, 1990; Boyce et al., 2015). This adds an additional trophic 
step in the food chain, leading to less available energy for fish (Figure 5.1 a). In eutrophic 
waters, crustaceans directly consume the larger phytoplankton that are abundant, resulting 
in a shorter, more efficient phytoplankton-crustacean-fish energy pathway (Figure 5.1 b; Lalli 
and Parsons, 1995; Stibor et al., 2004).  
This idea of changes in phytoplankton size structure leading to a more efficient eutrophic 
food chain is complicated by salps and larvaceans. These groups broadly cover the same 
size range as omnivorous copepods and euphausiids, but they can directly access 
picoplankton for food, circumventing the longer pathway through flagellates and ciliates in 
oligotrophic waters (Figure 5.1 a; Bone, 1998). These groups have been hypothesised to 
provide a more efficient direct transfer of energy from phytoplankton to fish in oligotrophic 
systems, in contrast to the longer phytoplankton-protist-crustacean-fish pathway (Diebel and 
Lee, 1992; Mosseau et al., 1998; Jaspers et al., 2009). However, these groups have a lower 
carbon content compared to protists and crustacean zooplankton (Taylor, 1978; Menden-
Deuer and Lessard, 2000; Kiørboe, 2013). Prey with a comparatively higher carbon content 
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and energy density can support more predator production, compared to more gelatinous 
zooplankton groups (Sommer et al., 2002; Robinson et al., 2014). This means that the 
efficiency of the salp and larvaceans pathway from picoplankton to planktivorous fish in 
oligotrophic waters, may be offset by their low carbon content and nutritional quality. 
Despite the extensive empirical and theoretical work identifying the pivotal role of 
zooplankton in the marine ecosystem, current global ecosystem models have a very simple 
zooplankton formulation (usually with only one or two groups) and none represent the 
functional complexity of the zooplankton (Everett et al., 2017). The assumption implicit in 
models neglecting the diversity of the zooplankton is that it does not significantly affect 
ecosystem function. However, recent work has shown that the productivity of higher trophic 
levels is sensitive to the transfer efficiency of lower trophic levels (Mitra et al., 2014;  
Jennings and Collingridge, 2015). In a simple size-structured model resolving 
phytoplankton, zooplankton and fish, Stock et al., (2008) found that the size structure of the 
marine ecosystem is sensitive to the average growth efficiency of the zooplankton. 
Heneghan et al., (2016) demonstrated that the productivity of fish, and their resilience to 
fishing pressure, is strongly affected by changes in the size-based feeding behaviour of the 
zooplankton. Moreover, Irigoien et al., (2015) hypothesised that their finding that global fish 
biomass could be an order of magnitude higher than previously thought could be partly 
because current models poorly resolve factors influencing transfer efficiency in the 
zooplankton. It follows that current formulations which do not resolve the dynamics of the 
zooplankton are neglecting a critical component of how the marine ecosystem functions. 
Using functional traits, such as body size, feeding behaviour, and carbon content has been 
proposed as a way forward to improving the representation of the zooplankton in ecosystem 
models (Litchman et al., 2013; Heneghan et al., 2016; McConville et al., 2017). This is 
because functional traits determine individual organisms’ relative fitness in a given 
environment. Body size is a major functional trait, dictating the pace of physiological 
processes and the trophic position of individual zooplankton in the marine food web 
(Andersen et al., 2016a). Size-based feeding behaviour, such as PPMR and the prey size 
range (feeding kernel width), have also been identified as traits which structure the 
zooplankton community across environmental gradients (Sommer and Stibor, 2002; Stibor 
et al., 2004; Wirtz, 2012; Boyce et al., 2015). This is because the size structure of the 
phytoplankton changes from being dominated by picoplankton (< 2 µm ESD) to larger nano 
(2 µm - 20 µm ESD) and micro plankton (> 20 µm ESD) from oligotrophic to eutrophic waters 
(Brewin et al., 2010; Barnes et al., 2010; Hirata et al., 2011). This means that the availability 
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of food for zooplankton with different body sizes and PPMRs will change with shifts in 
phytoplankton community size structure across oligotrophic and eutrophic waters. For 
example, salps and larvaceans consume organisms 6-8 orders of magnitude smaller than 
themselves (Deibel, 1998; Wirtz 2012), allowing them to access the picoplankton for food. 
This means that, in oligotrophic areas where picoplankton is abundant, salps and larvaceans 
will have comparatively more food than groups such as omnivorous copepods and 
euphausiids, which cannot directly access the picoplankton for food (Sommer and Stibor, 
2002; Stibor et al., 2004; Wirtz, 2012). Finally, carbon is the major structural component of 
zooplankton (Kiørboe, 2013; McConville et al., 2017), and the carbon content of different 
zooplankton groups affects their relative fitness by influencing their growth rates (McConville 
et al., 2017) and how efficiently they mediate energy from phytoplankton to higher trophic 
levels (Robinson et al., 2014).  
Here, we use a functional size spectrum model which breaks the marine ecosystem into 
three components: phytoplankton, zooplankton and fish. The model resolves nine major 
zooplankton functional groups (heterotrophic flagellates and ciliates, larvaceans, 
omnivorous and carnivorous copepods, chaetognaths, euphausiids, salps and jellyfish) 
based on their body size ranges, size-based feeding characteristics (including PPMR) and 
carbon content. Across the global ocean, the composition, body sizes and total biomass of 
the zooplankton community emerges from the model under different chlorophyll a and 
temperature conditions that change the size structure of the phytoplankton community and 
are transferred through the feeding characteristics of the nine zooplankton groups.  We use 
the model to assess how energy pathways from phytoplankton to fish change with increasing 
primary production, by looking at the diets of the zooplankton groups, and planktivorous fish 
(< 100 g) across oligotrophic (which we define as areas where chlorophyll a < 0.1 mg m-3) 
to eutrophic (which we define as areas where chlorophyll a > 1 mg m-3) waters, and the 
resulting changes in the trophic levels of these functional groups. We then evaluate how 
changes in the composition and diets of the zooplankton affects the transfer efficiency (using 
biomass ratio as a proxy) from phytoplankton to fish. We hypothesise that 1) there will be 
more trophic steps through the zooplankton in oligotrophic than eutrophic waters and 2) this 
will lead to a less efficient energy transfer from phytoplankton to fish, with less fish per unit 
phytoplankton in oligotrophic waters. Finally, we explore the role of larvaceans in supporting 
fish biomass in oligotrophic waters, by considering the change in total fish biomass across 
oligotrophic and eutrophic waters when these groups are removed from the model. 
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Figure 5.1 Hypothesised food chains in a) oligotrophic versus b) eutrophic systems. Width 
of arrows shows the magnitude of energy transfer between steps in the food chain. 
 
5.3 Methods 
 The zooplankton-resolved functional size spectrum model 
The zooplankton-resolved functional size spectrum model represents the pelagic ecosystem 
as three size-structured communities: phytoplankton, zooplankton and fish. The dynamics 
of the phytoplankton community are not represented in the model, with the phytoplankton 
community serving as a static resource for zooplankton. The abundances of the zooplankton 
and fish functional groups are driven by the size-dependent processes of growth and 
mortality using the second order McKendrick-von Foerster partial differential equation ;;G HI(K, G) = − ;;K XYI(K, G)HI(K, G)Z − SI(K, G)HI(K, G) + 12 \]\K] X I^(K, G)HI(K, G)Z. 
The density of individuals in group R of weight K at time G per m,0 is given by HI(K, G) and 
their individual growth, mortality and diffusion rates are denoted by YI(K, G) (g yr-1), SI(K, G) 
(g yr-1) and I^(K, G) (g2 yr-1), respectively (see Tables 4.1, 4.2 and 4.3 for model equations 
and parameters). A full overview of the model equations and parameters is given in Chapter 
4 Sections 4.3.1 – 4.3.3. 
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The slope a, intercept b and maximum size K_`ab of the static phytoplankton community is 
driven by chlorophyll a, using the synoptic model developed by Brewin et al., (2010). With 
increasing chlorophyll a concentration, the total biomass of the phytoplankton community 
increases, and the phytoplankton size spectrum has a higher intercept, flatter slope and a 
larger maximum size. In other words, in oligotrophic waters there is less phytoplankton and 
the phytoplankton community is dominated by picoplankton whereas in eutrophic areas 
there is more phytoplankton and the average size of the phytoplankton increases, as 
microplankton become more prevalent.  
The zooplankton community consists of nine functional groups (heterotrophic flagellates and 
ciliates, larvaceans, omnivorous and carnivorous copepods, chaetognaths, euphausiids, 
salps and jellyfish), and the fish community is broken into three size-based communities 
(small < 100 g, medium 100 g – 10, 000 g and large >10, 000 g). Each functional group is 
defined by its size range, size-based feeding characteristics (predator-prey mass ratio – 
PPMR - and feeding kernel width) and carbon content. Temperature effects are also 
included as a multiplier on the feeding and mortality rates of zooplankton and fish, using the 
modified Arrhenius function from the metabolic theory of ecology (Brown et al., 2004). 
 Diets and trophic levels 
To explore changes in the energy pathways from phytoplankton to fish across oligotrophic 
to eutrophic waters, we derived the mean diets of the 9 zooplankton functional groups and 
planktivorous fish (< 100gm). The proportion of the diet of group R, that comes from group c 
is: 
>dIO = 	 eIO∑ eIOO ,  
where eIO is the total biomass from group c consumed by group R (g	yr,3): 
eIO = g HI(K)hI(K)g i(K,Kj)HO(Kj)KjkKj	kKl: mnopqml: .nopq. ,  
where HO(Kj) is the mean number of individuals of group c who have a body mass of K′, hI(K) is the search rate of a predator from group R of size K, i(K,Kj) gives the probability 
a predator of size K will consume a prey of size Kj, Kstu. is the minimum body size of group R and 8:I is the maximum size of group R. We used >dIO to calculate the average trophic level 
of the different groups using the trophic position equation from Pauly and Palomares (2005). 
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Phytoplankton, at the base of the food web, are given a trophic level of 1, and the mean 
trophic level of group R (vwI) is given by solving: vwI = 1 +	NvwO × >dIOO .  
Except for phytoplankton, the trophic level of the different groups changes with their diet, so 
for each simulation we used the Gauss-Jacobi iteration method to solve vwI for each R 
(Sauer, 2012). 
 Ecosystem efficiency 
Across oligotrophic and eutrophic waters, we evaluated the efficiency of the emergent 
energy pathways through the zooplankton by considering the ratio of total fish to 
phytoplankton biomass (FPBR). Ecological efficiency is usually measured as the ratio of 
predator-prey productivity (Brown et al., 2004), but we used the FPBR because the model 
does not resolve the dynamics of production in the phytoplankton community. The 
consumption of phytoplankton by zooplankton is a significant component of their production, 
but not equal to their total production (Levine et al., 1999; Calbet and Landry, 2004). To 
completely account for phytoplankton production, we would need to incorporate the size-
dependent processes of phytoplankton sinking and background mortality, which we do not 
do in this study. Predator-prey biomass ratios have been used in previous empirical studies 
as a proxy for transfer efficiency (Yvon-Durocher et al., 2011; Ye et al., 2013; Heneghan et 
al., 2016) and Garciá-Comas et al. (2016) found empirically that predator-prey biomass 
ratios are strongly correlated with predator-prey productivity. The interpretation of the FPBR 
is intuitive: the higher the FPBR, the more fish biomass per unit of phytoplankton biomass, 
which implies a higher transfer efficiency from phytoplankton to fish. 
 Numerical implementation 
The functional size spectrum model is forced with annual mean sea surface temperature 
and chlorophyll a, obtained from MODIS-Aqua (accessed via the GIOVANNI portal: 
https://giovanni.gsfc.nasa.gov/giovanni/). For each chlorophyll a and temperature 
combination, the model is run for 1000 years on a half-weekly time step. The model has a 
burn-in period of 500 years, and the results presented here are obtained by calculating the 
mean diet composition, trophic level and FPBR over the last 500 years of the simulation in 
each grid square. 
Our primary focus here is evaluating how energy pathways through the zooplankton change 
across oligotrophic and eutrophic waters, so we removed the effect of temperature from the 
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change in diets of the functional groups using generalised additive models (GAMs). For each 
group, a GAM was fitted between the group’s diet composition, log10(chlorophyll a) and sea 
surface temperature, with log10(chlorophyll a) and temperature fitted using thin-plate 
regression splines with 5 degrees of freedom. The GAMs were then used to find the change 
in diet composition for each group over the log10(chlorophyll a) gradient, holding sea surface 
temperature constant at 15C.  
5.4 Results 
 The emergent plankton community 
Size classes in the phytoplankton community were set and are not emergent from the model, 
but help drive changes in the zooplankton community. Pico-phytoplankton comprise ~60% 
of the biomass in oligotrophic waters, declining to around 10% in eutrophic waters as micro-
phytoplankton increase from <5% in oligotrophic waters to ~45% in eutrophic waters, and 
nano-phytoplankton increase marginally from 30% in oligotrophic to 45% in eutrophic waters 
(Figure 5.2 a). 
From oligotrophic (which we define as areas where chlorophyll a < 0.1 mg m-3) to eutrophic 
(which we define as areas where chlorophyll a > 1 mg m-3) waters, there were distinct 
changes in the emergent composition of the zooplankton community (Figure 5.2 a, b). In the 
microplankton, heterotrophic flagellates and ciliates constituted ~10% of the biomass in 
oligotrophic regions, decreasing to around 5% in eutrophic regions, with phytoplankton 
making up the remaining bulk of the biomass across all chlorophyll a levels (Figure 5.2 a). 
In the seven meso- and macro zooplankton groups (Figure 5.2 b), omnivorous copepods 
and euphausiids were a significant component of the zooplankton in all regions, comprising 
25% and 10% respectively of the macro zooplankton biomass in oligotrophic waters, 
increasing to around 25% and 30% in eutrophic waters. In contrast, salps, larvaceans, 
carnivorous copepods and chaetognaths were most prevalent in oligotrophic waters, with 
larvaceans making up about 20% of the biomass in low chlorophyll a waters, declining to 
around 1% in eutrophic waters. Similarly, carnivorous copepods and chaetognaths each 
made up just under 10% of the biomass in oligotrophic waters, declining to less than 1% in 
eutrophic waters. Salps comprised about 10% of the biomass in oligotrophic waters, 
declining marginally to around 7% in eutrophic waters. Jellyfish were the only group that did 
not increase or decrease monotonically with chlorophyll a, with the proportion of macro 
zooplankton biomass from the jellyfish increasing from 5% in oligotrophic waters, to about 
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35% in waters with 1 mg m-3 chlorophyll a (0 on log10 scale), and declining to about 25% as 
chlorophyll a increased past this level. 
 
Figure 5.2 Plots of the fitted proportion of the total biomass of a) phytoplankton, comprising 
pico (<2 μm), nano (2-20 μm) and micro (>20 μm) size classes), heterotrophic flagellates 
and ciliates, and b) zooplankton, comprising omnivorous copepods, carnivorous copepods, 
larvaceans, chaetognaths, jellyfish, salps and euphausiids, along chlorophyll a gradient. The 
effect of sea surface temperature has been removed using a generalised additive model 
(see Section 5.3.4). 
 
 Who is eating phytoplankton? 
We considered how the consumption of phytoplankton shifts to different zooplankton groups 
across oligotrophic and eutrophic waters (Figure 5.3). In oligotrophic waters, heterotrophic 
flagellates and ciliates are responsible for over 50% of phytoplankton consumption, and 
larvaceans between 5-10%. As chlorophyll a increases, the share of consumption from 
these groups declines as more phytoplankton consumption goes directly to omnivorous 
copepods and euphausiids. These two groups are responsible for just 30% of consumption 
in oligotrophic waters, increasing to over 85% in eutrophic waters. The remaining 15% of 
phytoplankton consumption in eutrophic waters is from heterotrophic flagellates and salps. 
Salps are a minor consumer of phytoplankton, responsible for about 3% of consumption 
across oligotrophic and eutrophic waters. 
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Figure 5.3 Fitted proportion of total phytoplankton consumed by various zooplankton 
groups, along chlorophyll a gradient. The effect of sea surface temperature has been 
removed using a generalised additive model (see Section 5.3.4). 
 Emergent diets and trophic levels 
Except for larvaceans, the six omnivorous groups (heterotrophic flagellates and ciliates, 
omnivorous copepods, larvaceans, euphausiids and salps) were more carnivorous in 
oligotrophic waters (Figure 5.4 a, c, g, i, k). For heterotrophic ciliates, omnivorous copepods, 
euphausiids and salps, up to 20% of their diet consisted of mostly heterotrophic flagellates 
and ciliates in oligotrophic waters, with this proportion declining in eutrophic waters to around 
5% for heterotrophic ciliates, around 1% for the other groups (Figure 5.4 a, c, g, i, k). 
Heterotrophic flagellates were the most carnivorous zooplankton group – with over 20% of 
their diet consisting of heterotrophic flagellates and ciliates in oligotrophic waters, declining 
to about 10% in eutrophic waters (Figure 5.4 a). In contrast, across oligotrophic and 
eutrophic waters, the diet of the larvaceans was over 99% phytoplankton (Figure 5.4 e).  
Changes in diet are reflected in how the emergent trophic levels of the omnivorous groups  
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Figure 5.4 Fitted diet composition along chlorophyll a gradient and trophic levels for 
heterotrophic flagellates (a, b), heterotrophic ciliates, (c, d), larvaceans (e, f), omnivorous 
copepods (g, h), euphausiids (i, j), salps (k, l), carnivorous copepods (m, n), chaetognaths 
(o, p), jellyfish (q, r) and planktivorous fish (s, t). In each diet composition plot, the effect of 
sea surface temperature has been removed using a generalised additive model (see section 
5.3.4). In the trophic level plots, the dots represents the trophic level from individual 5x5 
degree grid squares across the global ocean, and the blue lines was fit using a spline 
smoother with 5 degrees of freedom to clarify the trend with chlorophyll a. 
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change with increasing chlorophyll a (Figure 5.4 b, d, h, j, l). The trophic levels of omnivorous 
copepods, euphausiids and salps declined from around 2.2 in oligotrophic  waters, to 2 in 
eutrophic waters (Figure 5.4 h, j, k). The most carnivorous of the omnivorous groups, 
heterotrophic flagellates and ciliates, declined from 2.3 and 2.2 respectively, to around 2.1 
in eutrophic waters (Figure 5.4 b, d). In contrast, the trophic level of the larvaceans – whose 
diet is over 99% phytoplankton across oligotrophic and eutrophic waters – remained around 
2 across oligotrophic and eutrophic waters (Figure 5.4 f). 
Around 50% of the diets of carnivorous copepods and chaetognaths consisted of 
heterotrophic flagellates and ciliates, with the other 50-60% split between the other 
zooplankton groups (Figure 5.4 m, o). Heterotrophic flagellates and ciliates were around 
40% and 10% of the diets in oligotrophic waters for both carnivorous copepods and 
chaetognaths, but as chlorophyll a increased the proportion taken by heterotrophic ciliates 
declined to less than 1% and heterotrophic flagellates increased to about 50%. For 
carnivorous copepods, 40% of their diet was omnivorous copepods across oligotrophic and 
eutrophic waters, with the remaining 10-20% from larvaceans, carnivorous copepods and 
euphausiids (Figure 5.4 m). With increasing chlorophyll, the diets of chaetognaths shifted 
from 10% carnivorous copepods, 30% omnivorous copepods and 10% larvaceans, to 30% 
carnivorous copepods, 20% omnivorous copepods and less than 1% from larvaceans 
(Figure 5.4 o). For these groups, the change in trophic level from oligotrophic to eutrophic 
waters was not as large as it was for the larger omnivorous groups. The trophic level of 
carnivorous copepods decreased from 3.4 to 3.2 with increasing chlorophyll a (Figure 5.4 
n). For chaetognaths their trophic level varied around 3.4, but did not decrease with 
increasing chlorophyll a (Figure 5.4 p). 
Jellyfish and planktivorous fish have similar diets, reflecting the overlap in their body sizes 
and prey size ranges (Figure 5.4 q, s), with salps and larvaceans making up a large 
proportion of their diets in oligotrophic waters, shifting to omnivorous copepods and 
euphausiids in eutrophic waters. However, although similar, the diets of these two groups 
are not identical. Larvaceans make up 45% of the diet of jellyfish in oligotrophic waters 
(Figure 5.4 q), but only 30% of the diet of planktivorous fish (Figure 5.4 s). Salps comprise 
15% of the diet of planktivorous fish in oligotrophic waters, declining to around 5% in 
eutrophic waters, but only make up to 5% of the diet of jellyfish across oligotrophic and 
eutrophic waters. Omnivorous copepods are only 15% of the diet of planktivorous fish in 
oligotrophic waters (Figure 5.4 s), but 50% for jellyfish (Figure 5.4 q). These differences in 
diet are reflected in the change in trophic level of these groups with increasing chlorophyll a 
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(Figure 5.4 r, t). Jellyfish have a maximum trophic level of around 3.2 in oligotrophic waters, 
declining to around 3.05 in eutrophic waters (Figure 5.4 r). In contrast, the maximum trophic 
level of planktivorous fish is 3.35 in oligotrophic waters, declining to around 3.1 in eutrophic 
waters (Figure 5.4 t). The lower trophic level for jellyfish in oligotrophic waters would be 
because larvaceans comprise almost 50% of their diet, compared to around 30% for 
planktivorous fish. 
 The emergent food web in oligotrophic versus eutrophic waters 
When considered side-by-side, clear differences can be seen in the composition and 
structure of oligotrophic and eutrophic food webs (Figure 5.5). In particular, the ratio of 
phytoplankton to higher trophic level biomass shifts, with phytoplankton comprising 43% of 
the biomass in the oligotrophic system (Figure 5.5 a), but only 21% in eutrophic system 
(Figure 5.5 b). This means that, per unit of phytoplankton biomass, there is approximately 
three times as much higher trophic level biomass in eutrophic compared to oligotrophic 
waters.  
Changes in the composition of the community across oligotrophic and eutrophic waters are 
driven by changes in the structure of the food web. The food chain is more diverse, 
connected and longer in oligotrophic versus eutrophic waters, primarily due to more 
carnivory in the zooplankton, with an increase in the prevalence and importance of groups 
such as carnivorous heterotrophic flagellates and ciliates, carnivorous copepods and 
chaetognaths. Heterotrophic flagellates and ciliates comprise only 6% of the biomass in 
oligotrophic waters (Figure 5.5 a), yet they are responsible for over 50% of phytoplankton 
consumption in the oligotrophic food web (Figure 5.5 c). The energy from the phytoplankton 
consumed by heterotrophic flagellates and ciliates is then passed through to larger 
zooplankton groups, in particular omnivorous copepods and euphausiids, which are then 
consumed by planktivorous fish (Figure 5.5 c). Larvaceans are also an important part of the 
oligotrophic food web, comprising about 6% of the total biomass and 10% of phytoplankton 
consumption (Figure 5.5 c). However, in contrast to heterotrophic flagellates and ciliates, 
larvaceans are a direct pathway for energy transfer from phytoplankton to fish (Figure 5.5 
c).  
The eutrophic food web is simpler than oligotrophic food web, with over 90% of 
phytoplankton consumption going directly to omnivorous copepods and euphausiids, which 
collectively comprise 28% of the community biomass (Figure 5.5 b) and make up around 
90% of the diet of planktivorous fish in eutrophic waters (Figure 5.5 d). This change in how 
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energy moves through the zooplankton from oligotrophic to eutrophic waters, is reflected in 
the change in trophic level of planktivorous fish from around 3.35 in oligotrophic waters to 
3.1 in eutrophic waters (Figure 5.5 c, d), meaning there is around an extra one quarter step 
in the food chain from phytoplankton to fish in oligotrophic versus eutrophic waters. As 
expected, the shorter food chain in eutrophic waters is more efficient at transferring energy 
from phytoplankton to fish, leading to almost a three-fold increase in the ratio of fish to 
phytoplankton biomass from around 0.5 in oligotrophic waters, to approximately 1.5 in 
eutrophic waters (Figure 5.6). 
 
Figure 5.5 The average emergent community composition and food web for oligotrophic 
(a, c) and eutrophic (b, d) waters. The food web diagrams (c, d) show the flow of biomass 
from predation between the different groups, with the width of the arrows proportional to 
the biomass flow (g yr-1). 
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Figure 5.6 Fish-Phytoplankton Biomass Ratio against chlorophyll a. Each dot represents an 
individual 5x5 degree grid square from the global ocean. To clarify the trend with chlorophyll 
a, the blue line was fit using a spline smoother with 5 degrees of freedom. 
 
 The role of salps and larvaceans as a pathway from phytoplankton to fish 
To evaluate the importance of salps and larvaceans as an energy pathway from 
phytoplankton to fish, we compared the total fish biomass from the model run without them, 
with total fish biomass from the standard model run that included them. Salps and 
larvaceans make up about 35% of the zooplankton community (Figure 5.2 b) and comprise 
almost 50% of the diet of planktivorous fish in oligotrophic waters (Figure 5.4 s). This 
proportion declines to around 5% in eutrophic waters, as they are replaced in the diet of 
planktivorous fish by omnivorous copepods and euphausiids. Salps and larvaceans have a 
lower carbon content compared to crustaceans: 1% of their total wet weight is carbon, 
compared to 12% for copepods and euphausiids (Kiørboe, 2013). The higher proportion of 
salps and larvaceans in the diet of planktivorous fish in oligotrophic waters is reflected in the 
carbon content of their diet, which increases from around 0.07 in oligotrophic waters, to 0.11 
in eutrophic waters as euphausiids and omnivorous copepods increase (Figure 5.7).  
Despite their lower carbon content, when salps and larvaceans are excluded from the 
model there is a noticeable change in total fish biomass. Oligotrophic waters are affected 
much more than eutrophic regions, with declines of over 40% in fish biomass when salps 
and larvaceans are excluded, whereas there is no significant change in fish biomass in 
eutrophic waters (Figure 5.8). Overall, when salps and larvaceans are included there is 
17% more fish globally (Figure 5.8). 
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Figure 5.8 Ratio of total fish biomass when zooplankton community includes salps and 
larvaceans, over total fish biomass when salps and larvaceans are removed from the model, 
against chlorophyll a. Each dot represents an individual 5x5 degree grid square from the 
global ocean. To clarify the trend with chlorophyll a, the blue line was fit using a spline 
smoother with 5 degrees of freedom. The red line shows where the ratio is 1, the green 
dashed line is the global average ratio.  
 
 
Figure 5.7 Proportion of ingested wet weight by planktivorous fish that is carbon, against 
chlorophyll a. Each dot represents an individual 5x5 degree grid square from the global 
ocean. To clarify the trend with chlorophyll a, the blue line was fit using a spline smoother 
with 5 degrees of freedom. 
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5.5 Discussion 
Our results support the hypotheses that 1) there will be more trophic steps from 
phytoplankton to fish in oligotrophic (which we define as areas where chlorophyll a < 0.1 mg 
m-3) over eutrophic (which we define as areas where chlorophyll a > 1 mg m-3) waters, and 
2) this will lead to a less efficient energy transfer from phytoplankton to fish, with less fish 
per unit phytoplankton in oligotrophic waters. Changes in phytoplankton size structure and 
zooplankton community composition (Figure 5.2) result in almost an extra one third of a 
trophic step between phytoplankton and planktivorous fish in oligotrophic waters, with the 
trophic level of planktivorous fish increasing from 3.1 in eutrophic to 3.35 in oligotrophic 
waters (Figure 5.4 t).  In oligotrophic systems where phytoplankton is dominated by 
picoplankton (Figure 5.2 a), over half of the phytoplankton is consumed by heterotrophic 
flagellates and ciliates (protist), which are then consumed by crustaceans – omnivorous 
copepods and euphausiids – (Figure 5.3), which are finally consumed by planktivorous fish 
(Figure 5.4; Figure 5.5). In contrast, in eutrophic systems where larger microplankton 
dominate the phytoplankton community, crustaceans consume almost 90% of the 
phytoplankton directly. As a result, transfer efficiency increases with primary production, with 
a three-fold increase in the ratio of fish to phytoplankton biomass (Figure 5.6) from 
oligotrophic (fish-phytoplankton biomass ratio: 0.5) to eutrophic waters (fish-phytoplankton 
biomass ratio: 1.5). However, our model shows that salps and larvaceans partially offset the 
decrease in transfer efficiency in oligotrophic waters (Figure 5.8). These groups – with their 
large body sizes and high predator-prey mass ratios (Supplementary Information Table S 
5.2) – are a direct pathway from phytoplankton to planktivorous fish in oligotrophic waters 
(Figure 5.5 c). However, salps and larvaceans have a lower carbon content compared to 
crustaceans, which is reflected in the lower carbon content in the diet of planktivorous fish 
in oligotrophic waters (Figure 5.7). This means they are a less nutritious food source for 
planktivorous fish. Nevertheless, without salps and larvaceans, total fish biomass is over 
40% lower in oligotrophic waters, and 15% lower across the global ocean (Figure 5.8). 
Recent studies have suggested that zooplankton amplify climate-driven changes in the 
phytoplankton, with total zooplankton biomass predicted to vary 10-100% more than 
phytoplankton in response to climate change (Chust et al., 2014; Stock et al., 2014; 
Woodworth-Jefcoats et al., 2016). Our results suggest that trophic amplification under 
climate change could also occur in the fish community. Changes in zooplankton community 
composition, in response to changes in the phytoplankton, mean that a one unit change in 
phytoplankton biomass does not necessarily lead to a proportional change in fish biomass 
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(Figure 5.6). In regions where chlorophyll a is greater than 0.5 mg m-3 (-0.3 on log10 scale), 
the ratio of fish to phytoplankton biomass varies around 1.5, which means that any change 
in fish biomass will be roughly proportional to the change in phytoplankton biomass. 
However, in regions where the chlorophyll a concentration is less than 0.5 mg m-3, the ratio 
of fish to phytoplankton biomass declines with declining chlorophyll a, meaning that any 
decrease in phytoplankton in these regions will lead to a greater decline in fish biomass. 
Chust et al., (2014) suggested something similar for zooplankton, where under climate 
change any decline in phytoplankton biomass in the oligotrophic open ocean led to 
proportionally larger declines in the zooplankton, whereas in eutrophic areas, the decline in 
the zooplankton was less than the phytoplankton. Given that regions where average 
chlorophyll a concentration is lower than 0.5 mg m-3 comprise a majority of the world’s 
oceans (Supplementary Information Figure S 4.1 b), our results suggest that the dominant 
response across most the world’s oceans to climate-induced declines in the phytoplankton 
will be negative trophic amplification in the biomass of fish. 
Compared to other zooplankton groups, the role of the salps and larvaceans is overlooked 
and understudied (Henschke et al., 2016), with these groups often lumped with jellyfish as 
“gelatinous zooplankton”. However, owing to their very large predator-prey mass ratios, 
salps and larvaceans can directly access picoplankton for food (Wirtz, 2012; Table  4.2). As 
a result, these groups emerge from the model as most prevalent in the oligotrophic open 
ocean, comprising up to 30% of the zooplankton biomass in these regions (Figure 5.2 b). In 
oligotrophic waters, they make up to 50% of the diet of planktivorous fish, therefore serving 
a critical role by partially offsetting the decline in ecosystem transfer efficiency by providing 
a short, efficient pathway from the dominant pico-dominated phytoplankton to planktivorous 
fish.  
Cardona et al., (2012) found that gelatinous zooplankton such as salps make up a large 
proportion of the diet of large apex predator fish such as tuna and swordfish. This means 
that the strong presence of salps and larvaceans in oligotrophic waters could be part of the 
reason why some of the world’s largest tuna fisheries are supported in oligotrophic regions 
(WBPP, 2015) and one of the mechanisms behind Irigoien et al.’s (2014) discovery that the 
global biomass of fish is up to 10 times higher than previously thought. Irigoien et al., (2014) 
speculated that one of the reasons for their finding was because the transfer efficiency of 
the oligotrophic open ocean was higher than previously thought, even rivalling eutrophic 
systems. Our results indicate one possible mechanism behind Irigoien et al.,’s (2014) 
findings is the prevalence of salps and larvaceans in the oligotrophic open ocean, efficiently 
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shunting energy from picoplankton to higher trophic levels and supporting up to half of the 
total fish biomass. Looking forward, given the ocean’s oligotrophic regions are expanding 
under climate change (Sarmiento et al., 2004; Hays, 2005; Polovina et al., 2008; Acevedo-
Trejos et al., 2014; Stock et al., 2014), our results indicate that salps and larvaceans will 
become a larger component of global zooplankton community, and serve an increasingly 
important role for energy transfer in less productive future seas. 
We included the effect of predator and prey carbon content as a multiplier on average growth 
conversion efficiency, which means that prey groups with a higher carbon content contribute 
more to predator growth, and predators with a low carbon content can grow faster per unit 
of ingested food (McConville et al., 2017). However this was balanced in the model by how 
we parameterised predator search rate to scale with carbon content. This was following 
Kiørboe’s (2011) study, who found that search rate scales the same way with carbon weight 
across 7 different zooplankton functional groups and 12 orders of magnitude in individual 
carbon weight. We used Kiørboe’s (2011) results to parameterise the search rate of the 
zooplankton groups in the model to scale with their carbon content.  This means that 
predators with a lower carbon content generally grow more per unit of ingested food, 
however because search rate scales with carbon, this is offset by their lower search rate, 
which in turn leads to a lower ingestion rate.  
Zooplankton with lower carbon content grow faster than more high carbon groups 
(McConville et al., 2017). Acuña et al., (2011) found that jellyfish clearance rate had the 
same scaling with wet weight as crustacean zooplankton such as euphausiids and 
copepods, this conflicts with Kiørboe’s (2011) study and means that, per unit carbon, jellyfish 
have a higher search rate than crustacean zooplankton. Moreover, salps and larvaceans, 
two of the more gelatinous zooplankton groups, have reported growth rates that are much 
higher than more carbon rich copepods (Hopcroft and Roff, 1995; Hopcroft et al., 1998; 
Jaspers et al., 2009). It follows that our model is underestimating the comparatively fast 
growth rates of more gelatinous groups. This means that we could be underestimating the 
proportion of the zooplankton made up of salps and larvaceans in oligotrophic waters, and 
jellyfish in eutrophic waters. By not explicitly incorporating the higher growth rates of the 
gelatinous groups, we could be underestimating how much fish biomass is supported by 
salps and larvaceans in oligotrophic areas. On the other hand, if jellyfish are more abundant 
in eutrophic areas, our model could be overestimating fish productivity in eutrophic regions, 
by giving them a diet that is more carbon dense than it would be if jellyfish were more 
dominant. 
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The model does not incorporate the dynamics of the phytoplankton, instead representing 
the community as a continually renewable resource for zooplankton, not affected by 
predation. Because of this, our model could be overestimating the degree of herbivory of 
groups such as omnivorous copepods and euphausiids in oligotrophic regions, by providing 
them with a food source of large phytoplankton that is unaffected by predation pressure. No 
predation feedbacks in the phytoplankton mean that omnivorous groups with an overlap in 
their phytoplankton prey size ranges are not competing for a limited resource. However, this 
would not qualitatively change our results, but everything else being equal it does mean that 
our estimates of the decline in transfer efficiency from eutrophic to oligotrophic waters could 
be conservative, because we would be underestimating the role of carnivorous groups such 
as chaetognaths and carnivorous copepods, which do not feed from the phytoplankton 
community. The processes of nutrient uptake, growth and mortality are strongly size-
structured in the phytoplankton, and these size-based relationships have been used to 
resolve the dynamics of the phytoplankton over large spatial scales (Follows et al., 2007; 
Fuchs and Franks, 2010; Ward et al., 2012, 2014; Cuesta et al., 2017). An important next 
step to improving the model presented here would be to incorporate the size-dependent 
dynamics of the phytoplankton. 
Our model only considers how changes in the zooplankton affects energy transfer from 
phytoplankton to fish, however we know that higher trophic levels are supported by other 
energy pathways. In shelf regions, a significant part of the phytoplankton sinks to the bottom, 
where they are consumed by benthic organisms, who are in turn consumed by demersal 
fish. This benthic energy pathway has implications for the stability, productivity and 
composition of higher trophic levels (Blanchard et al., 2009; 2011, van Denderen et al., 
2018). Similarly, in the open ocean, stocks of tuna and other large fish are supported by 
mesopelagic fish (Longhurst and Pauly, 1987; Battaglia et al., 2013; Olafsdottir et al., 2016), 
which feed on zooplankton and detritus from the epi-pelagic zone (Irigoien et al., 2014). Both 
benthic and mesopelagic pathways are strongly size-structured and have been resolved in 
functional size spectrum models (Blanchard et al., 2009, 2011; Maury, 2010). It follows that 
– along with representing the dynamics of the phytoplankton - it would be possible to 
integrate these pathways with what has been presented here into a functional size spectrum 
model that resolves the major energy pathways from phytoplankton to fish in the global 
ocean (Blanchard et al., 2017).  
The ideas we have considered here are not new (Ryther, 1969; Boyce et al., 2015; 
Heneghan et al., 2016; Blanchard et al., 2017), but to our knowledge this is the first time 
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they have been implemented in a trait-based ecosystem model. Despite the pivotal role that 
zooplankton play in food webs, current global ecosystem models do not represent the 
functional complexity of the zooplankton (Everett et al., 2017). Here, we used the functional 
size spectrum framework to incorporate the extensive experimental work elucidating the 
size-based feeding characteristics of the zooplankton community. Our application 
demonstrates the importance of the size structure of the phytoplankton community, and the 
size-based feeding characteristics of the zooplankton in mediating energy transfer up the 
marine food chain across the global ocean.  
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Chapter 6  
Concluding Discussion 
In this thesis, I have drawn on recent developments in the integration of functional traits in 
size spectrum modelling, and the extensive literature on zooplankton physiology, to explore 
how functional traits give rise to the global zooplankton community, and what this means for 
how energy moves from phytoplankton to fish across oligotrophic and eutrophic waters. This 
work has important implications for ecosystem modelling, and our understanding of the role 
of zooplankton in a changing ocean. In this Chapter, I discuss these implications, highlight 
future areas of research and finish by identifying some of the limitations of the approach. 
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6.1 Integrating zooplankton using functional traits 
Zooplankton are a complex, ubiquitous group of organisms, serving a critical role in the 
marine ecosystem as the main pathway of energy transfer from phytoplankton to higher 
trophic levels (Kiørboe, 2008). However, the complexity of the zooplankton is a subset of 
the greater complexity of the entire marine ecosystem, from bacteria to whales. The need 
to understand and predict how entire marine ecosystems function, and their response to 
external pressures such as climate change and fishing, is critical given our large and growing 
dependence on their services (Sumaila et al., 2012; Merino et al., 2013; UN DESA, 2015; 
FAO, 2016), and their contribution to maintaining life on Earth (Field et al., 1998).  
This thesis demonstrates the power of the functional size spectrum framework for resolving 
the zooplankton in marine ecosystem models. With only the body size ranges, size-based 
feeding behaviour and carbon content of nine of the most abundant zooplankton functional 
groups, we could evaluate the response of the marine ecosystem to changes in zooplankton 
feeding traits (Chapter 3), resolve the emergent structure of the zooplankton community 
across the global ocean (Chapter 4), and explore the implications for how energy moves 
from phytoplankton to fish in oligotrophic and eutrophic waters (Chapter 5). These are 
important results: despite their importance and complexity, zooplankton are typically side-
lined within ecosystem studies (Mitra et al., 2014; Everett et al., 2017), with the entire 
community often represented as one or two amorphous boxes. Our results demonstrate that 
the trait-based approach is a promising avenue for resolving the dynamics of the 
zooplankton in marine ecosystem models. 
In Chapter 2, we explored the current state of size spectrum modelling, which has been 
successfully used to resolve the dynamics of the pelagic size-selective marine consumers  
spanning sizes of macro zooplankton to large fish (Benoît and Rochet, 2004; Law et al., 
2009; Blanchard et al., 2014) and to allow the inclusion of functional groups that behave 
differently such as the benthic detritivores (Blanchard et al., 2009, 2012), the depth-
structured groups in open ocean (Maury, 2012) and recently dynamics of phytoplankton 
(Law et al., 2016). Although we identified that the vision of representing the whole ecosystem 
from “bacteria to whales” (Sheldon et al., 1972) has been largely realised, this has been in 
a rather piecemeal way, and representing whole ecosystems in functional size spectrum 
modelling is still an open problem. In other words, despite the advances in resolving the 
phytoplankton (Law et al., 2016; Cuesta et al., 2017), fish (Maury, 2012; Scott et al., 2014; 
Andersen et al., 2016b) and even zooplankton on their own (Zhou et al., 2009, 2010), there 
is limited cross-fertilisation between plankton-focused and higher trophic level functional 
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size spectrum models. Our work developing a zooplankton-resolved functional size 
spectrum model demonstrates that the recent developments in functional size spectrum 
modelling, coupled with the extensive literature exploring zooplankton functional traits, 
means that resolving the zooplankton missing link between plankton-focused and higher 
trophic level models is achievable.  
6.2 Higher trophic levels are sensitive to zooplankton feeding behaviour  
How zooplankton are parameterised is one of the most critical components of ecosystem 
models. Mitra et al., (2014) demonstrated that in a modelled plankton food web, trophic 
dynamics were sensitive to small changes in parameterisation of zooplankton feeding rates. 
Similarly, Fuchs and Franks (2010) found that zooplankton with high predator-prey mass 
ratios (PPMR) which ate a narrow size range (feeding kernel) of prey gave rise to a flatter 
plankton abundance size spectra (relatively more large organisms), in comparison to 
zooplankton with small PPMRs and a larger feeding kernel, which led to a steeper plankton 
size spectra. Moving beyond the plankton, Jennings and Collingridge (2015) demonstrated 
that the productivity and total biomass of the global fish community was highly sensitive to 
how energy moved through the lower planktonic trophic levels – from phytoplankton to 
zooplankton. In Chapter 3, we developed the first functional size spectrum model which 
resolved the unique feeding characteristics of the zooplankton, and assessing implications 
for the resilience, stability and productivity of the fish community. We demonstrated that the 
resilience and productivity of the fish community, and the stability of the entire system, is 
highly sensitive to the feeding characteristics of the zooplankton. Zooplankton communities 
with low PPMRs – such as carnivorous copepods (PPMR ~ 10; Wirtz, 2012) - and wider 
feeding kernels, stabilised the steady state of the system, but the fish community was less 
productive, and not as resilient to increasing fishing pressure. In contrast, zooplankton with 
high PPMRs – such as salps (PPMR ~ 108; Wirtz, 2012) -  and narrower feeding kernels, 
had more variation in abundance through time, but supported a fish community that had 
over 100 times more biomass (compared to carnivorous copepods), and was very resilient 
to increasing fishing pressure. In other words, there is a positive relationship between 
zooplankton PPMR and ecosystem transfer efficiency, which agrees with previous 
theoretical (Andersen et al., 2009) and empirical work (Jennings et al., 2002; Barnes et al., 
2010). However, higher PPMRs and narrower feeding kernels lead to more variation in the 
biomass of zooplankton and fish communities through time, which corroborates with 
theoretical results from previous size spectrums studies (Law et al., 2009; Datta et al., 2011; 
Plank and Law, 2012; Zhang et al., 2013), and empirical findings for fish (Blanchard 2008).  
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6.3 Functional traits explain global patterns in zooplankton community 
composition 
The most common assumption with respect to zooplankton in ecosystem models is that the 
community structure does not change spatially or temporally (Everett et al., 2017). However, 
the zooplankton community is not homogenous across environmental gradients, with 
different groups dominating depending on their relative fitness (Hansen et al., 1994; Barton 
et al., 2013). Our results in Chapter 3 indicate that this variation in the zooplankton has 
implications for ecosystem efficiency and productivity, and current model formulations that 
do not resolve the feeding behaviour of the zooplankton are neglecting a vital ecosystem 
component.  
The challenge of resolving the zooplankton lies in their significant diversity of life histories, 
and ecological strategies (Litchman et al., 2013). A major advantage of using functional traits 
is that it allows community structure to emerge based on functional traits and the 
environment (Bruggemann and Kooijman, 2007; Litchman and Klausmeier, 2008; Litchman 
et al., 2013). This approach has been successfully demonstrated by Follows et al., (2007) 
for phytoplankton, and later by Ward et al., (2012, 2014), who showed that size-based 
processes of nutrient uptake and growth give rise to global patterns in the size structure of 
the global plankton community. Recently, van Denderen et al., (2018) explained global 
patterns in marine predatory fish by changes in energy pathways from coastal regions to the 
open ocean.  
In Chapter 4, we developed the first functional size spectrum model of the marine ecosystem 
that used body size ranges, size-based feeding characteristics and the carbon content as 
the governing traits of nine major zooplankton functional groups (heterotrophic flagellates 
and ciliates, larvaceans, omnivorous and carnivorous copepods, chaetognaths, 
euphausiids, salps and jellyfish). Across the global ocean, the zooplankton community 
emerged in response to changes in the size structure of the phytoplankton, and the size-
based feeding characteristics and body size ranges of the nine zooplankton groups. We 
identified clear shifts in the zooplankton community from oligotrophic to eutrophic waters: 
heterotrophic flagellates and ciliates, larvaceans, carnivorous copepods, chaetognaths and 
salps were more abundant in oligotrophic waters, omnivorous copepods were prevalent 
everywhere and euphausiids and jellyfish dominated in eutrophic waters.  
To assess how well the emergent patterns of abundance from the functional size spectrum 
model represented the actual abundance distributions of the zooplankton functional groups 
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(excluding heterotrophic flagellates and ciliates), we used in situ abundance data from the 
COPEPOD and IMOS databases. To do this, we had to wrangle the data into a form that 
was comparable with the output from the model (Everett et al., 2017). We used generalised 
additive models (GAMs; Wood, 2017), to interpolate the sample data for the different 
zooplankton groups using environmental variables (sea surface temperature, chlorophyll a 
concentration and bathymetry), to incorporate the effects of seasonality, and to factor in the 
dozens of sampling gears and mesh sizes from dozens of cruises over the last 50 years. 
Except for carnivorous copepods, the emergent distributions of abundance for the different 
zooplankton from the size spectrum model broadly agreed with the empirical distributions. 
Interpolating zooplankton sample data using environmental variables has been used to 
create global maps of total zooplankton biomass (Moriarty and O’Brien, 2013), copepod 
functional traits (Brun et al., 2016) and the abundances of different gelatinous zooplankton 
groups (Lucas et al., 2014). These statistical models are very useful for constraining and 
validating ecosystem model estimates (Everett et al., 2017). To that end, we intend to make 
the statistical models we developed in Chapter 4 publicly available for validation and 
constraining current and future zooplankton models. 
To our knowledge, no global ocean or Earth-system models for carbon cycling currently 
includes more than two zooplankton groups. However, different zooplankton functional 
groups have varying body sizes, carbon content and physiology, all of which impact their 
contribution to carbon cycling (Steinberg and Landry, 2017).  For instance, larvaceans are 
the second most abundant zooplankton group, and shed gelatinous houses every 6 hours. 
This shedding is a major contributor to marine snow and carbon export to the deep ocean, 
rivalling the contribution of copepods in the open ocean (Jaspers et al., 2009). Further, salps 
have large, fast-sinking faecal pellets that contribute disproportionately to carbon flux 
compared with other zooplankton, providing up to 10-fold more carbon transfer to the 
seafloor (Fischer et al., 1988). By resolving nine major zooplankton functional groups, their 
size-based feeding behaviour and their emergent distributions across the global ocean, our 
model could be extended to refine estimates of carbon export to the deep ocean. Better 
understanding of the role of zooplankton in the global carbon budget may prove critical in 
determining whether we achieve the Paris agreement target of < 2°C warming (UN FCCC, 
2016).  
6.4 Implications for higher trophic levels 
The productivity of the fish community ultimately depends on primary production (Pauly and 
Christensen, 1995; Chassot et al., 2010; Friedland et al., 2012; Stock et al., 2017). However, 
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it has long been established that primary production alone cannot explain global patterns in 
higher trophic level productivity across oligotrophic and eutrophic waters (Ryther, 1969). The 
main hypothesis to explain this is that oligotrophic food webs are less efficient at mediating 
primary production to higher trophic levels, compared to eutrophic food webs. This is 
believed to be driven by changes in the size structure of the phytoplankton, which in turn 
leads to shifts in zooplankton community structure from oligotrophic to eutrophic waters 
(Stibor et al., 2004; Stock et al., 2008; Barnes et al., 2011; Marañón, 2015). In Chapter 5, 
we tested these hypotheses using the zooplankton-resolved functional size spectrum model. 
We found that from oligotrophic to eutrophic waters, changes in the size structure of the 
phytoplankton and in the composition of the zooplankton community led to shifts in how 
energy moved from phytoplankton to fish. In oligotrophic waters, the phytoplankton 
community is dominated by picoplankton, and over half of the phytoplankton consumption 
is by heterotrophic flagellates and ciliates (protists), which are then consumed by larger 
zooplankton - mainly omnivorous copepods and euphausiids (crustaceans) – which are 
finally consumed by carnivorous zooplankton (chaetognaths, carnivorous copepods and 
jellyfish) and planktivorous fish. In contrast, in eutrophic waters, large crustaceans directly 
accessed the more prevalent nano- and micro-phytoplankton for food, cutting out the extra 
protist step. As a result, the trophic level of planktivorous fish decreased from 3.35 in 
oligotrophic to 3.1 in eutrophic waters, which means there was an extra one quarter of a 
trophic step separating phytoplankton and fish in oligotrophic regions. This lead to a shift in 
the ratio of fish to phytoplankton biomass, with eutrophic waters supporting 1.5 units of fish 
biomass per unit of phytoplankton, declining to around 0.5 in oligotrophic waters. 
Salps and larvaceans, with their large predator-prey mass ratios (PPMRs), are able to 
directly access picoplankton for food, and these groups were most abundant in oligotrophic 
waters, comprising about 435% of the zooplankton biomass in low chlorophyll areas. Salps 
and larvaceans broadly cover the same body size ranges as copepods and euphausiids, 
and comprised about 50% of the diet of planktivorous fish in oligotrophic regions. These 
groups were a direct pathway from picoplankton to planktivorous fish in oligotrophic waters, 
circumventing the longer picoplankton-protist-crustacean-planktivorous fish pathway. 
Without these groups, total fish biomass was up to 50% lower in oligotrophic waters, with 
little change in eutrophic waters, and 17% lower across the global ocean.  
The role of protists as an intermediate link between picoplankton and larger zooplankton in 
oligotrophic waters has long been hypothesised (Ryther, 1969; Lalli and Parsons, 1995) and 
observed (Sommer and Stibor, 2002; Stibor et al., 2004). However, the role of salps and 
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larvaceans as a direct pathway from picoplankton to planktivorous fish has not been 
included alongside protists in theoretical studies of how food web structure changes from 
eutrophic to oligotrophic waters. Instead these groups are lumped together with other large 
herbivorous zooplankton. This thesis is the first time the unique roles of protists, salps and 
larvaceans have been explored together in an ecosystem model. Our finding that salps and 
larvaceans almost double the total biomass of fish in oligotrophic waters highlights the 
important role these groups play as an alternate energy pathway from picoplankton to fish. 
This is a significant result, and highlights the need to include these groups in global 
ecosystem models.  
One of the major reasons salps and larvaceans have been underappreciated is their 
gelatinous body types, which break down quickly and are difficult to identify in stomach 
content analysis (Henschke et al., 2016), however Cardona et al., (2012) found that 
gelatinous zooplankton such as salps make up a large proportion of the diet of large apex 
predator fish such as tuna and swordfish. This means that the strong presence of salps and 
larvaceans in oligotrophic waters could be part of the reason why some of the world’s largest 
tuna fisheries are supported in oligotrophic regions (WBPP, 2015) and one of the 
mechanisms behind Irigoien et al.’s (2014) discovery that the global biomass of fish is up to 
10 times higher than previously thought. What is more, the ocean’s oligotrophic regions are 
expected to expand under climate change (Sarmiento et al., 2004; Hays, 2005; Polovina et 
al., 2008; Acevedo-Trejos et al., 2014; Stock et al., 2014), which means that salps and 
larvaceans will become a larger component of the global zooplankton community, and serve 
an increasingly important role for energy transfer in future, less productive seas. 
Our results suggest that changes in the composition of the zooplankton, in response to shifts 
in phytoplankton community structure, mean that a one unit change in phytoplankton 
biomass does not necessarily lead to a proportional change in fish biomass. This is 
corroborated by recent studies which have found that zooplankton amplify changes in the 
phytoplankton under climate change (Stock et al., 2014; Woodworth-Jefcoats et al., 2016), 
especially in oligotrophic waters (Chust et al., 2014). In regions where chlorophyll a is 
greater than 0.5 mg m-3 (-0.3 on log10 scale), the ratio of fish to phytoplankton biomass varies 
around 1.5, which means that any change in fish biomass will be roughly proportional to the 
change in phytoplankton biomass. However, in regions where the chlorophyll a 
concentration is less than 0.5 mg m-3, the ratio of fish to phytoplankton biomass declines 
with declining chlorophyll a, meaning that any decrease in phytoplankton in these regions 
will lead to a greater decline in fish biomass. This means that anticipated declines in 
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phytoplankton biomass under climate change will lead to non-linear changes in fish biomass 
from oligotrophic to eutrophic waters. This agrees with Barange et al., (2014), who found 
that countries with fisheries in oligotrophic waters at low/mid latitudes, would see their 
fisheries worse off under climate change, compared to other nations. Amplification of 
declining phytoplankton biomass, due to changes in the zooplankton, would be a 
devastating outcome for smaller Pacific Island nations surrounded by oligotrophic waters, 
where fisheries constitute 5-25% of GDP (Sumaila et al., 2016). 
Our zooplankton-resolved functional size spectrum model could help refine global estimates 
of fish biomass and its distribution, which would allow better forecasts of future fisheries and 
inform global food security. Estimates of fish biomass are contingent upon model choice, 
since different models include contrasting assumptions about top-down and bottom-up 
processes, the role of different functional groups and the parameterisation of processes 
such as growth and mortality (Tittensor et al., 2018). In response to this, there have been 
studies comparing the output of different ecosystem models, and their responses to external 
pressures such as fishing and climate change (Fulton and Smith, 2004; Travers et al., 2004; 
Jones et al., 2013; Jones and Cheung, 2014; Woodworth-Jefcoats et al., 2015). More 
recently, the Fisheries and Marine Ecosystem Model Intercomparison Project (Fish-MIP) 
has been established to analyse the output of over a dozen ecosystem models to assess 
climate and fisheries impacts on marine ecosystems, and highlight areas of uncertainty 
associated with different model structures and assumptions (Tittensor et al., 2018).  Given 
that our model is the first functional size spectrum model to resolve the emergent 
zooplankton community, whilst resolving phytoplankton community size structure and the 
dynamics of the fish community, we believe it would be an important contribution to the Fish-
MIP project, by permitting a more detailed study of how sensitive total fish biomass and 
fisheries output is to the dynamics of lower trophic levels.  
Fishing causes perturbations in the upper trophic levels of marine ecosystems, however 
trophic cascades can mean that fishing has implications beyond trophic levels directly 
targeted (Frank et al., 2005; Andersen and Pedersen, 2010; Steneck, 2012). By resolving 
the size-based feeding interactions between fish and the zooplankton, our model could be 
used to explore the effects of fishing on zooplankton community structure, and possible 
feedbacks from zooplankton, to the fish community. Further, we could investigate how 
different fishing methods could influence carbon export via the zooplankton. This could 
inform future fishing practices: in land-based agriculture carbon credits are earned for 
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changing farming practices to promote carbon sequestration. Future fishing methods which 
increase carbon sequestration by the zooplankton could be identified and promoted. 
There is evidence that human-induced stresses such as overfishing, eutrophication and 
climate change are promoting increases in jellyfish, although whether the mechanisms 
behind increasing jellyfish blooms are human-induced or part of a natural cycle is strongly 
debated (Richardson et al., 2009; Condon et al., 2013; Gibbons and Richardson, 2013; 
Lucas et al., 2014). Planktivorous fish and jellyfish share similar body size ranges and prey, 
however jellyfish are usually considered to represent a “trophic dead-end”, in contrast with 
planktivorous fish which are an important prey source for piscivorous fish, seabirds and 
mammals (Robinson et al., 2014). Planktivorous fish are a target for commercial and 
recreational fishers in most regions, whereas jellyfish are only targeted in relatively few 
areas such as the seas around China and South East Asia (Angel et al., 2014; Robinson et 
al., 2014). Our model resolves the trophic interplay between planktivorous fish and jellyfish, 
by resolving the significant overlap in the composition of their diets from oligotrophic to 
eutrophic waters. Looking forward, our model could be used to explore how increasing 
harvesting pressure on fish across oligotrophic and eutrophic waters could lead to shifts 
from an ecosystem where fish are the top predator, to a less desirable gelatinous apex 
predator state. We could also explore the efficacy of proposed management strategies such 
as fishing jellyfish populations to reduce their numbers (Purcell et al., 2007; Boero, 2013; 
Gibbons et al., 2016).  
6.5 Limitations of approach 
In this thesis, we were able resolve the composition of the zooplankton community and their 
role in the marine ecosystem across global environmental gradients, using a handful of 
functional traits. Our focus here was improving the dynamics of the zooplankton in a global-
scale model, however there are several limitations to our approach, and the model we 
constructed, which must be addressed. 
The focus of current functional size spectrum models is on fish, with the dynamics of the 
plankton either ignored or poorly resolved. This was a major motivation for the work 
presented in this thesis. The importance of zooplankton in the marine ecosystem is well 
established, and the recent theoretical developments in functional size spectrum modelling, 
coupled with the extensive empirical work exploring their functional traits means that 
improving their representation is achievable. To that end, we have made significant 
advances incorporating the role of the zooplankton. However, poor plankton resolution also 
includes the phytoplankton, the dynamics of which we did not resolve. Instead, we held the 
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phytoplankton community spectrum static, with the slope, intercept and maximum size 
determined by the synoptic model developed by Brewin et al., (2010), which divides total 
chlorophyll a into pico, nano and micro plankton size classes.  
Without incorporating feedback from predation, omnivorous zooplankton groups in the 
model effectively have a constantly renewing phytoplankton resource, no matter how much 
predation pressure is exerted on the phytoplankton community. No predation feedbacks in 
the phytoplankton mean that omnivorous groups with an overlap in their phytoplankton prey 
size ranges are not competing for a limited resource. This gives omnivorous groups an 
advantage over carnivorous groups such as carnivorous copepods, chaetognaths and 
jellyfish, which are unable to access the phytoplankton for food. As a result, our model could 
be underestimating the role of carnivorous groups such as carnivorous copepods, 
chaetognaths and jellyfish. However, we do not believe that this would not change our 
finding that oligotrophic systems are less efficient than eutrophic systems. In fact, if the role 
of carnivorous groups is underestimated in oligotrophic waters, it would probably mean our 
estimates of the decline in transfer efficiency from eutrophic to oligotrophic waters are 
conservative. Recent size-based models of the phytoplankton take advantage of the size-
structured processes of nutrient uptake, growth and mortality to resolve the structure and 
dynamics of the phytoplankton community over large spatial scales (Follows et al., 2007; 
Fuchs and Franks, 2010; Ward et al., 2012, 2014; Cuesta et al., 2018). Future work could 
involve coupling the innovations of current phytoplankton size-based models, with the model 
presented here, using the functional size spectrum framework.  
We included the effect of predator and prey carbon content on growth gross efficiency as a 
multiplier on the ingestion rate, which means that prey groups with a higher carbon content 
contribute more to predator growth, and predators with a low carbon content can grow faster 
per unit of ingested food (McConville et al., 2017). However this was balanced in the model 
by how we parameterised predator search rate to scale with carbon content. This was 
following Kiørboe’s (2011) study, who found that search rate scales the same way with 
carbon weight across 7 different functional groups – including jellyfish - and 12 orders of 
magnitude in individual carbon weight. Our parameterisation means that predators with a 
lower carbon content generally grow more per unit of ingested food, however because 
search rate scales with carbon, this is offset by their lower search rate, which leads to a 
lower ingestion rate.  
McConville et al., (2017) found that growth rates in the zooplankton were inversely rated to 
carbon content; zooplankton with lower carbon content grow faster than more high carbon 
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groups, and Acuña et al., (2011) found that jellyfish clearance rate had the same scaling 
with wet weight as crustacean zooplankton such as euphausiids and copepods. This 
conflicts with Kiørboe’s (2011) study and means that, per unit carbon, jellyfish have a higher 
search rate than crustacean zooplankton. Moreover, salps and larvaceans, two of the more 
gelatinous zooplankton groups, have reported growth rates that are much higher than more 
carbon rich copepods (Hopcroft and Roff, 1995; Hopcroft et al., 1998; Jaspers et al., 2009). 
It follows that our model is underestimating the comparatively fast growth rates of more 
gelatinous groups. This means that we could be underestimating the proportion of the 
zooplankton made up of salps and larvaceans in oligotrophic waters, and jellyfish in 
eutrophic waters. By not explicitly incorporating the higher growth rates of salps and 
larvaceans, we could be underestimating how much fish biomass is supported by the salps 
and larvaceans in oligotrophic areas. On the other hand, if jellyfish are more abundant in 
eutrophic areas, our model could be overestimating fish productivity in eutrophic regions, by 
giving them a diet that is more carbon dense than it would be if higher growth rates meant 
that jellyfish were a larger component of the zooplankton in eutrophic regions. 
The model was driven using annual average chlorophyll a concentration and sea surface 
temperature, aggregated to 5 x 5 degree grid squares. This allowed us to demonstrate how 
macro-trends in environmental conditions, coupled with size-based functional traits, drive 
the global structure of the zooplankton community. The main driver of the abundance and 
composition of the zooplankton community was changes in the size structure of the 
phytoplankton community, which was controlled by annual average chlorophyll a 
concentration. However, the time-scale of growth and mortality in the phytoplankton is daily, 
not yearly. What is more, seasonal cycles of boom and bust in the phytoplankton is a major 
driver of variation of zooplankton productivity, as many zooplankton groups time their 
reproduction to coincide with phytoplankton blooms (Falkowski et al., 1988; Atkinson, 1996). 
However, we smooth over these processes by using a yearly temporal resolution. A recent 
functional size spectrum study found that seasonal variations in the size structure of the 
plankton did not affect the average community size spectrum (Datta and Blanchard, 2016). 
However, that study was focused on fish. Future study, investigating how seasonal 
processes, affect zooplankton community structure at the global scale, would be worth 
considering. 
Reproductive processes are an important component of the life-cycle of marine organisms, 
however we did not resolve the dynamics of reproduction for the zooplankton or fish. This 
does not mean that we consider reproduction unimportant, but merely that it falls outside of 
139 
 
the scope of the model we have developed here. This is primarily because of the spatial and 
temporal scope of the model – the annual average zooplankton community across the global 
ocean. We focussed on traits such as body size, predator-prey mass ratio and carbon 
content because, at this spatial and temporal scale, there is a strong case in the literature 
that these traits are foundational for how energy moves through the marine food web 
(Hansen et al., 1994; Andersen et al., 2016a; McConville et al., 2017; see sections 3.2 and 
4.2 for more information). What is more, although reproduction in fish is a relatively simple 
process of eggs of roughly the same size (1 mg), being sexually fertilised (Neuheimer et al., 
2016), reproduction in the zooplankton is much more diverse, from alternating generations 
of sexual and asexual reproduction in salps and jellyfish, to the hermaphroditism of 
chaetognaths, and intersexuality in copepods (Litchman et al., 2013). However, as the first 
dynamic size spectrum model that resolves zooplankton, our work here is intended to be 
built upon, and resolving the diversity of reproductive strategies in the zooplankton is an 
important next step in the development of this model.  
The effects of sea surface temperature were incorporated in the model as a multiplier on 
growth and mortality terms, held constant across all functional groups. The poor correlation 
between the modelled and empirical abundance of carnivorous copepods in Chapter 4 
highlights the important role of temperature in explaining the distribution of this group, which 
our model was not able to resolve. We used the same temperature scaling for all groups 
because, despite the range of studies elucidating temperature scaling for different 
zooplankton species and groups (e.g., Hansen et al., 1997; Forster al., 2011; Kiørboe and 
Hirst, 2014), the model’s functional groups are resolved by body size, feeding behaviour and 
carbon content, and it is unclear how temperature affects organisms grouped at this level. 
Future work could address this by relaxing the definition of the functional groups, letting 
them emerge across environmental gradients within the functional size spectrum framework, 
based on randomly assigned physiological traits. This would be similar to Follows et al., 
(2007), who used this approach to derive the global composition of the phytoplankton 
community. Similarly, Andersen et al., (2015a), suggested this approach could be applied 
to resolve a continuum of trophic strategies in unicellular plankton, between pure 
phototrophy (phytoplankton) and phagotrophy (unicellular zooplankton). For the 
heterotrophic zooplankton considered in this thesis, temperature scaling, PPMR and body 
size range could be defined as continuums, where various randomly assigned combinations 
of these functional traits compete with one another, until a global community structure 
emerges from the functional size spectrum model. An approach like this could also be used 
to resolve other continuous functional traits which we did not include in this thesis, such as 
140 
 
offspring size and extent of diel vertical migration, both of which have been established as 
important functional traits governing the distribution and role of zooplankton in the marine 
ecosystem (Hays, 2003; Bianchi et al., 2013; Litchman et al., 2013; Brun et al., 2016). 
Our model follows the current common practice of assuming plankton communities can be 
cleanly divided into autotrophs and heterotrophs. However, there is growing evidence that 
the line between producers and consumers is unclear, with a growing number of plankton 
taxa identified which can both photosynthesise and consume living prey (Stoecker, 1998; 
Mitra et al., 2016). The role of mixotrophic plankton in marine food webs is unclear (Stocker 
et al., 2017), however modelling studies suggest that this group could increase transfer 
efficiency and carbon flux in the marine ecosystem (Mitra and Flynn, 2010; Mitra et al., 2014; 
Ward and Follows, 2015). Further work is required to investigate their role in the marine 
ecosystem, and the processes that give rise to their distribution across the global ocean. 
6.6 Final remarks 
There is a growing recognition amongst modellers of the need to develop ecosystem models 
which couple the dynamics of higher and lower trophic levels (Fulton, 2010; Rose et al., 
2010; Mitra et al., 2014). The functional size spectrum framework has emerged as a flexible 
framework to do this, with the potential to address many of the limitations discussed in 
Section 6.5. In this thesis, we have demonstrated the power of the functional size spectrum 
framework to resolve the dynamics of the zooplankton across the global ocean. The model 
we developed is the first functional size spectrum model to resolve key size-based traits of 
important zooplankton functional groups, and is a step toward the goal of resolving the 
dynamics of the entire ecosystem, from bacteria to whales, within a single modelling 
framework. 
 
 
 
 
“With more knowledge about the size selectivity of the various functional groups of the 
zooplankton and about their actual occurrence in a given pelagic environment, it should be 
possible to construct a reliable yet simple size-based model of the pelagic food web for that 
particular situation.” 
Benni Hansen et al., (1994) 
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Appendix 1 
Numerical Implementation of the Second Order McKendrick-von 
Foerster Equation 
In log10 weight space, the McKendrick-von Foerster with diffusion (MvF-D) has the form: 
 	\H(y, G)\G = − \\y Y(y, G)H(y, G) − z(y, G)H(y, G) + 12 ;;y { 1log	(10)10~ ;;y ^(y, G)H(y, G) , (1) 
 
where H(y, G) represents the abundance of individuals of body size 10~ at time G, and their 
individual growth, mortality and diffusion rates are denoted by Y(y, G), z(y, G) and ^(y, G), 
respectively. We solve equation 1 using the semi-implicit upward finite difference scheme 
(Press et al., 2007), explicit in body size and implicit in time, and differentiating the second-
order diffusion term using the product rule. Breaking the total time into Ä equal intervals: ∆G = 	 GOÇ3 − GO, (c	 ∈ [1, Ä − 1]) and the body size range into Ü equal 0.1 log10 size intervals: ∆y = 	yIÇ3 − yI = 0.1, (R	 ∈ [1, Ü − 1]), equation 1 is discretised: 
 HIOÇ3 −	HIO∆G = −YIOHIOÇ3 − YI,3O HI,3OÇ3∆y − SIOHIOÇ3 − 12 × 10~ á I^OHIOÇ3 −	 I^,3O HI,3OÇ3∆y à +12log	(10)10~ á I^Ç3O HIÇ3OÇ3 − 2 I^OHIOÇ3 +	 I^,3O HI,3OÇ3∆y] à . (2) 
 
Now, for all future steps let all diffusion terms ^ = 	10,~ × ^. Rearranging (2), for R	 =	2: (Ü − 1): 
 
HIOÇ3 = 	HIO + HI,3OÇ3 ∆G∆y áYI,3O + I^,3O ä12 + 1log	(10) × 2∆yãà + å ∆G2∆y] I^Ç3O çHIÇ3OÇ3∗1 + ∆GSIO + ∆G∆y áYIO + I^O ä12 + 1log	(10) × ∆yãà , (3) 
where HIÇ3OÇ3∗ is found beforehand by solving the first order McKendrick-von Foerster 
equation 
 	\H(y, G)\G = − \\y Y(y, G)H(y, G) − z(y, G)H(y, G). (4)	
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using the semi-implicit upward finite difference scheme: 
 HIÇ3OÇ3∗ −	HIÇ3O∆G = −YIÇ3O HIÇ3OÇ3∗ − YIOHIOÇ3∆y − SIÇ3O HIÇ3OÇ3∗ 
 
 
	HIOÇ3∗ = 	HIO + HI,3OÇ3 ∆G∆y YI,3O1 + ∆GSIO + ∆G∆y YIO . (5) 
For R	 = 	Ü, we cannot use the MvF-D, so we also use the first order McKendrick-von 
Foerster: HIOÇ3 = 	HIOÇ3∗. 
 
 
